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ABSTRACT 
 Radiomics treats images as quantitative data and promises to improve cancer prediction in 
radiology and therapy response assessment in radiation oncology. However, there are a number of 
fundamental problems that need to be solved in order to potentially apply radiomic features in 
clinic. The first basic step in computed tomography (CT) radiomic analysis is the acquisition of 
images using selectable image acquisition and reconstruction parameters. Radiomic features have 
shown large variability due to variation of these parameters. Therefore, it is important to develop 
methods to address these variability issues in radiomic features due to each CT parameter. To this 
end, texture phantoms provide a stable geometry and Hounsfield Units (HU) to characterize the 
radiomic features with respect to image acquisition and reconstruction parameters. In this project, 
normalization methods were developed to address the variability issues in CT Radiomics using 
texture phantoms.  
In the first part of this project, variability in radiomic features due to voxel size variation 
was addressed. A voxel size resampling method is presented as a preprocessing step for imaging 
data acquired with variable voxel sizes. After resampling, variability due to variable voxel size in 
42 radiomic features was reduced significantly. Voxel size normalization is presented to address 
the intrinsic dependence of some key radiomic features. After normalization, 10 features became 
robust as a function of voxel size. Some of these features were identified as predictive biomarkers 
in diagnostic imaging or useful in response assessment in radiation therapy. However, these key 
features were found to be intrinsically dependent on voxel size (which also implies dependence on 
lesion volume). The normalization factors are also developed to address the intrinsic dependence 
ix 
 
of texture features on the number of gray levels. After normalization, the variability due to gray 
levels in 17 texture features was reduced significantly.  
In the second part of the project, voxel size and gray level (GL) normalizations developed 
based on phantom studies, were tested on the actual lung cancer tumors. Eighteen patients with 
non-small cell lung cancer of varying tumor volumes were studied and compared with phantom 
scans acquired on 8 different CT scanners. Eight out of 10 features showed high (Rs > 0.9) and 
low (Rs < 0.5) Spearman rank correlations with voxel size before and after normalizations, 
respectively. Likewise, texture features were unstable (ICC < 0.6) and highly stable (ICC > 0.9) 
before and after gray level normalizations, respectively. This work showed that voxel size and GL 
normalizations derived from texture phantom also apply to lung cancer tumors. This work 
highlights the importance and utility of investigating the robustness of CT radiomic features using 
CT texture phantoms. 
Another contribution of this work is to develop correction factors to address the variability 
issues in radiomic features due to reconstruction kernels. Reconstruction kernels and tube current 
contribute to noise texture in CT. Most of texture features were sensitive to correlated noise texture 
due to reconstruction kernels. In this work, noise power spectra (NPS) was measured on 5 CT 
scanners using standard ACR phantom to quantify the correlated noise texture. The variability in 
texture features due to different kernels was reduced by applying the NPS peak frequency and the 
region of interest (ROI) maximum intensity as correction factors. Most texture features were 
radiation dose independent but were strongly kernel dependent, which is demonstrated by a 
significant shift in NPS peak frequency among kernels. Percent improvements in robustness of 19 
features were in the range of 30% to 78% after corrections. 
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 In conclusion, most texture features are sensitive to imaging parameters such as 
reconstruction kernels, reconstruction Field of View (FOV), and slice thickness. All reconstruction 
parameters contribute to inherent noise in CT images. The problem can be partly solved by 
quantifying noise texture in CT radiomics using a texture phantom and an ACR phantom. Texture 
phantoms should be a pre-requisite to patient studies as they provide stable geometry and HU 
distribution to characterize the radiomic features and provide ground truths for multi-institutional 
validation studies.    
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1 INTRODUCTION 
1.1 Radiomics 
Radiomics is a collection of many distinct data processing techniques with the aim of 
extracting quantitative information from medical images for subsequent model building [1]. These 
techniques have shown promise as a tool for guiding treatment decisions in oncology [2-4]. Studies 
have highlighted the importance of texture analysis by connecting cancer phenotypes captured by 
CT and other imaging modalities with underlying gene expression profiles in many cancer types 
[5-10]. However, there are a number of challenges that need to be addressed before the 
implementation of any radiomic metric into the oncology workflow. These challenges include the 
standardization of imaging parameters and protocols, development of reliable and consistent 
segmentation tools, harmonization of feature extraction methods and consensus on subsequent 
prediction models [1, 11]. The robustness of radiomic features has been of recent interest [12-15]. 
Particularly, feature robustness to imaging parameters and feature extraction methods are of 
paramount importance to ensure successful application of radiomics in the field of oncology. As 
radiomics strives to use standard of care images from different imaging modalities, an ideal method 
leading to automation would be to extract features from minimally or non-curated images. In this 
respect, it would be necessary to arrive at a subset of robust radiomics features with minimal pre-
processing of images. 
1.2  CT image acquisition and reconstruction parameters 
Computed tomography (CT) is a powerful non-invasive technique used for diagnosis, 
staging and treatment decisions in oncology. Texture analysis of CT images can be used to quantify 
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tumor heterogeneity that results from local spatial variations in image brightness. CT images are 
typically acquired by setting a number of parameters, namely, kVp, Pitch, mAs, reconstruction 
Field Of View (FOV), reconstructed slice thickness, and reconstruction kernels etc. These CT 
imaging parameters affect the image quality and subsequently any quantitative information 
extracted from these images. Therefore, variation in these imaging parameters between different 
CT scanners may affect the outcome of radiomic feature extraction from the resulting CT images. 
Therefore, the standardization of, or accounting the effects of, CT parameters may be necessary to 
the successful application of radiomic features as biomarkers for tumor phenotype, diagnosis, 
prognosis and decision support [16].  
1.3 Characterization using texture phantoms 
One way to test the robustness of radiomic features with varying acquisition and 
reconstruction parameters is to evaluate their fundamental characteristics using texture phantoms 
[14, 15]. The stable texture phantoms are advantageous since they provide stable geometry and 
physical characteristics (such as HU distributions) for testing the robustness of radiomic features 
as function of CT parameters. 
In diagnostic radiology, phantoms are typically used to ensure CT image quality by 
assessing the quality metrics such as spatial resolution and low contrast resolution [17]. In radiation 
oncology, a phantom in conjunction with a CT scanner is used to establish the relationship between 
the electron densities of different tissues and their corresponding CT number or HUs. In radiomics, 
stable texture phantoms can be used for the quality assurance of radiomic features since they 
provide stable physical medium for testing these features. Moreover, inter-scanner, intra-scanner, 
and multicenter variability in CT radiomic features due to acquisition and reconstruction 
parameters can be more readily assessed with these texture phantoms [14].  
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1.4 Contributions  
The major contribution of this project is the development of voxel size and gray level 
normalization methods. In computed tomography, voxel size in a region of interest depends on 
both pixel dimensions (x-y plane) and slice thickness (z-axis), assuming slice thickness equals 
inter-slice distance. Any change in these two parameters changes CT image resolution or voxel 
size. A minimally curation step may be to resample image sets so that all have the same voxel size. 
In this project, voxel size resampling is investigated as a way to minimize the variability in feature 
values due to differing voxel sizes. Voxel-size normalization method is developed to address the 
intrinsic dependence of radiomic features on voxel size. The feature variability due to variable 
number of gray levels is another problem in CT radiomics. In this project, a gray level 
normalization method is developed to remove the intrinsic dependence of radiomic features on 
number of gray level bandwidth. 
The second major contribution is the development of correction factors to reduce feature 
variability due to CT reconstruction kernels. Reconstruction kernel is an important reconstruction 
parameter in CT imaging. Softer kernels produce low noise and better low contrast resolution while 
sharper kernels produce better high contrast resolution but at the expense of more noise. Most 
texture features are sensitive to correlated noise texture introduced due to reconstruction kernels. 
In this project, correlated noise texture introduced due to kernels and tube current variation was 
characterized using noise power spectrum. The correction factors using the NPS peak frequency 
and ROI’s maximum intensity were developed to reduce the variability in texture features.  
As part of this work, cylindrical texture inserts were developed. These texture inserts, in 
conjunction with existing quality control phantom can used for quality assurance of radiomic 
features. Using these inserts, impact of X-ray beam energy and radial location of ROI within the 
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bore of scanner was investigated. Except Gray Level Size Zone Matrices (GLSZM) features and 
Neighborhood Gray Tone Difference Matrices (NGTDM) based busyness, most texture features 
were found to be robust with respect to kVp and radial location across all scanners. 
1.5 Dissertation Organization 
Chapter 2 provides information on phantoms, CT scanners, scanning approach, radiomic 
features, feature extraction methodology and general data analysis approach used in this project. 
Chapter 3 discusses the intrinsic dependencies of radiomic features on voxel size and number of 
gray levels and proposes methods to remove these dependencies. Chapter 4 applies normalizations 
for voxel size and gray level discretization based on phantom studies to images of real lung cancer 
tumors. Chapter 5 presents correction methods to address the variability in texture features due to 
reconstruction kernels. Chapter 6 discusses the fabrication of cylindrical texture inserts and 
investigates the impact of X-ray beam quality (kVp) and radial location of ROI on radiomic 
features. Chapter 7 presents the conclusions and discussion of potential future directions.    
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2 METHODS AND MATERIALS 
2.1 Phantoms 
2.1.1 Credence Cartridge Radiomic (CCR) phantom  
In this project, CT data sets were acquired using the CCR phantom [14]. The CCR phantom 
is composed of ten different cartridges each having a different material with different texture over 
the range of HU values in the human body. The rubber cartridge was most frequently used for 
contouring purposes since it was reported to have HU values characteristics similar to non-small 
cell lung cancer (NSCLC) tumors. 
2.1.2 ACR CT 464 phantom 
The American College of Radiology (ACR) accreditation phantom (model 464, Gammex-
RMI, Middleton, WI) is a solid phantom, commonly used for the quality assurance purposes in 
diagnostic radiology. The ACR CT phantom consists of 4 modules. The phantom is used for the 
assessment of positioning accuracy, CT number accuracy, slice width, low contrast resolution, 
high contrast resolution, CT number uniformity and image noise [17]. The third module of the 
phantom is designed to examine the CT number uniformity and image noise. In this work, the third 
module of the phantom was used for the measurement of noise power spectrum at different dose 
and reconstruction kernels settings across different CT scanners.   
2.1.3 Gammex 467 phantom  
The tissue characterization phantom (model 467, Gammex-RMI, Middleton, WI) is 
routinely used in radiation oncology to establish a relationship between the electron density of 
various tissues and their corresponding CT numbers in Hounsfield Units. This phantom consists 
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of 16 cylindrical plugs, made of various tissue equivalent materials. All of these inserts are made 
of single homogenous materials, thereby making them less interesting for radiomics studies. In 
this work, cylindrical texture inserts were fabricated for Gammex 467 phantom. The size and shape 
of these cylindrical inserts therefore is similar to the existing homogenous inserts of the phantom, 
however, image texture within an individual heterogeneous insert is customized to achieve a range 
of HU values similar to that found in human cancers, especially lung cancer. 
2.2 CT Scanners and Imaging parameters 
Phantom scans were acquired on 4-8 CT scanners from three major manufacturers:  
Siemens, Philips and GE Healthcare. Multiple scanners and vendors were employed to evaluate 
the inter-scanner and inter-vendor variability of CT radiomics features. The fundamental 
acquisition parameters evaluated in this work were tube current (mA), exposure time (sec), Pitch 
and X-ray tube voltage (kVp, i.e., beam energy or quality). The basic reconstruction parameters 
used in this project were Field Of View (FOV), slice thickness and reconstruction kernels. Each 
of these parameters is typically manipulated during routine CT imaging to get a desired image 
quality. Hence, each parameter can affect the quantitative image information extracted in radiomic 
studies.  
2.3 Scanning Approach  
A non-conventional scanning approach is adopted in this project. The scanning is 
performed such that only the parameter under investigation was a variable while all other imaging 
parameters were kept constant. This is a very important step in this whole project. The idea is to 
build a relationship between certain parameter and numerical values of the extracted features. For 
example, in order to study the impact of reconstruction kernel on CT radiomic features, only the 
reconstruction kernel was varied while all other CT parameters were kept constant.  
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2.4 Radiomic Features 
2.4.1 Shape and intensity histogram features  
Shape features describe the size and geometrical shape of the segmented region of interest 
(ROI). Intensity histogram based features describe the distribution of voxel intensities within a 
ROI.  
2.4.2 GLCM and GLRLM features  
The Gray Level Co-occurrence Matrix (GLCM) and the Gray Level Run Length Matrix 
(GLRLM) features describe spatial relationships of voxel intensities within a ROI. The features 
based on GLCM characterize the texture of an image by counting how often pairs of voxels with 
the same gray level in certain spatial relationship occur within a ROI. In this project, GLCM 
features were extracted from 3D images. GLRLM features characterize the image by analyzing 
the runs of similar gray levels. Gray level runs are labelled according to their length, gray level 
value, and direction. A coarser texture in the image contains longer runs of a given gray level while 
a finer texture contains shorter runs of same gray level. Texture matrices for GLCM and GLRLM 
were calculated by considering 26-connected voxels around the central voxel and each feature was 
calculated in 13 possible directions in three dimensions [18]. Volume interpretation of texture 
features were given by Arati et al. [19]. GLCM features were initially developed by Haralick et al. 
[20, 21]. GLRLM features were implemented according to definitions provided by Galloway, Chu 
et al., and Dasarathy and Holder [22-24]. 
2.4.3 GLSZM features  
Gray Level Size Zone Matrix (GLSZM) features characterize the image by looking into 
certain regions of similar gray levels instead of looking into certain directions as in GLCM and 
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GLRLM. GLSZM features were extracted from spherical ROIs according to the definitions 
provided by Thibault et al.[25].  
2.4.4 NGTDM features  
Neighborhood Gray Tone Difference Matrix (NGTDM) features describe the visual 
properties of texture based on a certain voxel and its neighborhood. These interesting features were 
found useful in some recent studies in differentiating malignant from benign tumors. These 
features were initially developed by Amadasun et al. [26]. 
2.4.5 Fractal dimensions  
Fractal dimension is an important metric to determine the surface roughness of an image. 
These features describe the relationship between the changes in a measuring scale and the resultant 
measurement value at that scale. The larger value of fractal dimension feature indicates more 
roughness. The calculations of these features in our program were implemented as given by [27, 
28]. 
2.4.6 First order wavelets  
The discrete wavelet transform is an effective technique to analyze the coarse and fine 
textures within a region of interest. The wavelet transform decouples the texture information by 
decomposing the original image into low and high-frequencies. The wavelet transform was applied 
to each CT image, thereby decomposing the original image into 8 decompositions. Sixteen first 
order features based on intensity histogram were extracted from each decomposed image (16 x 8 
= 128) as described in [3]. A biorthogonal basis function was applied to the original and resampled 
CT images.  A combination of a one-dimensional low pass and a high pass filters was applied to a 
three dimensional image generated 8 wavelet filtered data sets. The first order wavelet features 
were then extracted from these data sets as described by Aerts et. al. [3]. 
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2.5  Contouring and feature extraction  
An advanced imaging software package (Mirada RTx 1.6, Mirada Medical, Oxford, UK) 
was used for importing, exporting and contouring (segmentation) purposes. An automatic 
contouring tool in Mirada RTx was used to contour ROIs. A spherical ROI was contoured on the 
central region of each cartridge and kept identical across all scanners. Radiomics features were 
extracted using an in-house program. Sixty four equispaced gray levels (Ng = 64) were used to 
discretize the intensities of image voxels for calculating all features unless otherwise specified. 
2.6  General data analysis approach   
In this project, a systemic analysis approach was adopted to address the variability issues 
in radiomics due to CT imaging parameters. The variability in CT radiomic features was assessed 
using the coefficient of variation (COV = S.D./mean). If variability in features values is beyond 
certain range then the numerical value of each radiomic feature is plotted as a function of the CT 
parameter. If the behavior of the feature as a function of a CT parameter is random, no correction 
factor was identified. If a radiomic feature indicate a certain mathematical trend with a CT 
parameter, then features are mathematically redefined by including certain correction factors. In 
this work, this data analysis approach was employed to evaluate the feature variability with respect 
to voxel size, gray level discretization and reconstruction kernels. 
For example, to develop a mathematical relationship between reconstruction kernel and 
radiomic feature, each feature was first plotted as function of kernel strength for all scanners. If a 
radiomic feature followed a certain mathematical trend with varying reconstruction kernel. Then, 
a number of metrics such as NPS peak frequency, NPS mean frequency, full width half maximum 
(FWHM), ROI maximum intensity and ROI minimum intensity were investigated for correcting 
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the feature variability. The only metrics that provided the significant improvement in features 
robustness due to different kernels across all scanners were reported in this work. For example, 
correction factors based on the NPS peak frequency and ROI maximum intensity provided the 
significant improvement in feature robustness with respect to the kernels, therefore, these two 
metrics were used in feature definitions as correction factors in different mathematical forms. 
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3 INTRINSIC DEPENDENCIES OF CT RADIOMIC FEATURES 
3.1 Purpose  
In this chapter, we investigated the impact of slice thickness and pixel spacing (or pixel 
size) on radiomics features extracted from CT phantom images acquired with different scanners 
as well as different acquisition and reconstruction parameters. The dependence of CT texture 
features on gray level discretization was also evaluated.  
3.2 Background 
Pixel spacing (size) and slice thickness are two important CT parameters that vary 
significantly from protocol to protocol, across scanners and vendors, as well as per institutional 
preferences. In a recent study [14], pixel spacing was varied from 0.49 to 0.98 mm and slice 
thickness from 2 to 3 mm across 17 different scanners. Resampling was performed to obtain in-
plane pixel spacing of 1 mm2 before feature calculation. A separate study of 74 lung cancer patients 
used 3 to 6 mm variation in slice thickness and a large variation in pixel spacing [29]. A phantom 
study by Zhao et al., reported that slice thickness can largely impact radiomics features [30]. The 
same authors recently reported that CT images reconstructed with different slice thickness and 
reconstruction kernels resulted in low reproducibility of most radiomics features [12]. Given the 
variability of pixel spacing and slice thickness in standard of care imaging, it is important to study 
the impact of these parameters on radiomics features among multiple scanners and multiple 
vendors. 
Texture features extraction methodology is another important factor that has varied wildly from 
one research study to another. In particular, voxel intensities within a ROI are typically resampled 
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into a limited number of discrete values or bin sizes before calculating feature values [31]. 
Different studies have used different gray level resampling before extracting texture features [10, 
13, 32-34]. Recently, the impact of SUV discretization on radiomics features in FDG-PET 
indicated that there is a need for standardized methodology for conducting multi-center studies 
[35]. Therefore, it is important to determine how feature values behave as a function of the number 
of gray levels using stable texture phantoms with the intention of later applying rescaling or 
normalization factors that make features more reproducible.  
3.3 Materials and Methods 
3.3.1 Acquisition and Reconstruction   
The phantom employed in this study was the CCR phantom recently described by Mackin 
et al. [14].  Scans of the CCR Phantom were acquired using eight different CT scanners from three 
different manufactures: 2 General Electric (GE), 4 Siemens and 2 Philips Healthcare Systems 
(Table 1). One of the GE scanner employed was a PET/CT scanner (Discovery STE). Slice 
thicknesses for the Philips and Siemens scanners were 1.5, 2.0 and 3.0 mm and for the GE scanners 
were 1.25, 2.5 and 3.75 mm. The adjacent reconstruction interval or zero inter-slice gap was used 
for all CT phantom scans. For every slice thickness, the reconstruction FOV was varied from 200 
to 500 mm, corresponding to pixel sizes ranging from 0.39 to 0.98 mm. Pixel size was calculated 
as FOV/matrix size and a matrix size of 512 by 512 was kept constant for all scans. The variation 
in voxel size was obtained by changing pixel size (5 FOVs per scanner) or slice thickness (3 slice 
thicknesses per scanner) for a total 8 CT scanners. Therefore, there was a total of 120 CT data sets 
for the voxel size resampling study. However, 4 CT data sets were corrupted during file transfer, 
therefore 116 data sets were used for analysis. To facilitate interscanner comparison, similar 
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acquisition and reconstruction parameters were used across different scanners as shown in Table 
3-1. 
3.3.2 Contouring and Feature Extraction 
The shredded rubber and ABS20 cartridges of the CCR phantom were predominantly used. 
An automatic contouring tool in Mirada RTx was used to contour ROIs. A spherical ROI of volume 
4.2 cm3 was contoured on the central region of each cartridge and kept identical across all scanners. 
Radiomics features were extracted using an in-house program. The features were composed of 
shape descriptors (10), intensity histogram statistics (16), GLCM (24), GLRLM (11), GLSZM 
(11), NGTDM (5), fractal dimensions (8) and intensity histogram wavelets (128) for a total of 213 
features. Sixty four equispaced gray levels (Ng = 64) were used to discretize the intensities of 
image voxels for calculating all features unless otherwise specified. 
Table 3-1: CT scanners and scanning parameters used in this study. 
   
 
            CT Scanner 
    
kVp 
  mAs Scan 
Type 
  Pitch Rotation  
time 
(Sec) 
Reconstruction 
 Kernel 
Detector  
Configuratio
n (mm) 
 GE Discovery STE (GE1) 120 250* Helical 0.984 1.0 Standard Det. 
Coverage= 40 
GE Lightspeed 32 pro 
(GE2) 
120 250* Helical 0.984 1.0 Standard Det. Coverage 
= 40 
 Philips Big Bore (P1) 120 250 Helical  1.024 1.0 Standard (B) 16 x 0.75 
 Philips Brilliance 64 (P2) 120 250 Helical 1.024 1.0 Standard (B) 64 x 0.625 
Siemens Definition AS 
(S1) 
120 250 Helical      1.0 1.0 I31f-2 64 x 0.625 
Siemens Sensation 64 (S2) 120 250 Helical      1.0 1.0 B31f 64 x 0.625 
Siemens Sensation 40 (S3) 120 250 Helical      1.0 1.0 B31f 40 x 0.625 
Siemens Sensation 16 (S4) 120 250 Helical      1.0 1.0 B31f 16 x 0.75 
For GE scanners manual mA* and for all other scanners quality index mAs was used.  
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3.3.3 Voxel size resampling   
To investigate the effect of resampling, phantom CT scan sets were resampled to 1 x 1 x 2 
mm3 voxel size, our arbitrarily chosen “standard” voxel size, using linear interpolation. Image 
features were extracted from these resampled data sets and compared to the feature values 
extracted from the original data sets.  Images were either up-sampled or down-sampled to the 
standard voxel size. The intensity in each voxel in a resampled image data set was calculated as 
the partial-voxel-volume weighted sum of the contributing voxels from the original image set. One 
hundred and sixteen data sets were used for extracting 85 non-wavelet features. The 128 wavelet 
features were extracted from 72 image sets for the rubber and ABS20 cartridges using four 64-
slice and one 40-slice CT scanners. The absolute value of the percent coefficient of variation 
[%COV = |(S.D/Mean)*100|] was calculated for each feature for both original and resampled data 
sets. Features were ordered from highest to lowest %COV value. Moreover, based on the %COV 
value, all features were classified into three groups: group 1 included features that had large %COV 
originally and that improved after resampling marginally (%COV > 50); group 2 was composed 
of features that had large %COV originally and that improved significantly after resampling 
(%COV < 30); Group 3 contained features that were mostly reproducible with small variation with 
voxel size and were negligibly effected by resampling. To further evaluate the potential effect of 
Ng on voxel size resampling, radiomics features were extracted from original and resampled data 
sets for the rubber cartridge images for Ng = 8, 16 and 32 and compared to Ng = 64. 
 
15 
 
3.3.4 Feature Normalization by Voxel Size 
Most of group 2 features along with Intensity-Entropy from group 3 (from now on referred 
to as identified features) were computed using modified feature definitions using one of following 
equations  
                                       𝑓𝑚(𝑃, 𝑇) = 𝑓(𝑃, 𝑇) ∗ 𝑉(𝑃, 𝑇)                                                  (3.1) 
                                       𝑓𝑚(𝑃, 𝑇) =
𝑓(𝑃,𝑇)
𝑉(𝑃,𝑇)
                                                                   (3.2) 
                                       𝑓𝑚(𝑃, 𝑇) =  
𝑓(𝑃.𝑇)
𝑙𝑜𝑔 [ 𝑛(𝑃,𝑇)]
                                                     (3.3) 
 
where V (P, T) is the volume of an individual voxel P is the pixel spacing (0.39 to 0.98 mm) and 
T is the slice thickness (1.25 to 3.75 mm) for a total of 42 combinations (7 FOV x 6 slice 
thicknesses). Equation 3.1 assumes that all the voxels in a given scan have same voxel size, which 
is generally true in clinical practice. f(P,T) is the original feature definition, fm(P,T) is the modified 
definition after incorporating voxel size. The variable n(P,T) is the number of voxels in a given 
ROI with pixel spacing P and slice thickness T. Normalization by voxel volume for identified 
features was further investigated for bigger sized spherical ROI’s of 14 cm3 for both the shredded 
rubber and the ABS20 cartridges. In addition, a rectangular ROI of 50 cm3 was created on multiple 
cartridges, namely, rubber, ABS20 and sycamore wood, to further verify the modified definitions.  
Identified features were used to compare variability across scanners. Interscanner comparison was 
done using originally extracted and voxel volume normalized features. The features values were 
first scaled and then plotted to result in similar range of values for all features.  
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3.3.5 Gray Level Discretization  
To investigate the dependence of CT texture features on the number of gray levels, Ng, 51 
texture features including GLCM (24), GLRLM (11), GLSZM (11) and NGTDM (5) were 
extracted with resampled Ng values of 16, 32, 64, 128 and 256. Spherical ROIs of 14.2 cm3 were 
contoured on 10 different cartridges within the CT scan image of the phantom.  In addition, 2 
rectangular ROIs, one of 50 cm3 (3 adjacent cartridges: ABS20, rubber and wood) and the other 
of 60 cm3 (5 adjacent cartridges: rubber, natural cork, solid acrylic, dense cork and 3D printed 
plaster) were contoured to further evaluate the impact of gray level discretization on texture 
features extracted from larger ROIs made up of multiple materials. The phantom CT scan used 
was acquired with the Siemens Definition AS scanner with pixel size, slice thickness, mAs, pitch 
and kVp of 0.49 mm, 3 mm, 250 mAs, 1.0 and 120 kVp, respectively, for all 12 ROIs.  The %COV 
for each feature was calculated and features having %COV ≤ 20 and %COV > 20 were classified 
as reproducible and not reproducible, respectively. Finally, some of the texture features were 
normalized by the number of gray levels. 
3.4 Results  
3.4.1 Voxel size resampling 
The absolute values of %COV for 83 non-wavelet features for both original and resampled 
data sets for the shredded rubber and ABS20 cartridges are shown in the Figure 3-1a and 3-1b, 
respectively. Group 1 features that had large variation after resampling are shown in the inset of 
Figure 3-1. The same feature order was adopted for both cartridges according to the grouping given 
in Table 3-2. After resampling, the %COV of all features in group 2 dropped from > 70% to < 
30% for both cartridges. Resampling had insignificant effect on group 3 features numbered 22 
through 83; in other words, this group was robust to voxel size variations. The features minimum 
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intensity and skewness (not plotted) for rubber had similar values (%COV < 30) for original and 
resampled data sets, but these features had large variation (%COV > 100) for the ABS20 cartridge 
before and after resampling.  Busyness from NGTDM and most of the GLSZM features in Group 
1 were marginally improved after resampling (%COV > 50) for both cartridges.  
The variability of the 83 features extracted from the rubber cartridge images with Ng = 8, 16, 32 
were compared to those extracted using Ng = 64 as shown in the Figure 3-2. The %COV values 
extracted from the original and resampled image sets were similar for all 83 features for Ng = 32 
and 64 (Figure 3-2a). Similar results were obtained when comparing variability for Ng = 64 to Ng 
= 16 and 8 (Figures 3-2b and 3-2c), which showed similar %COV values except for several 
GLSZM features, namely, Intensity Variability (IV), Short Area Emphasis (SAE), Large Area 
Emphasis (LAE), and High Intensity Large Area Emphasis (HILAE) in group 1 (Table 3-2).  These 
GLSZM features showed %COV values lower than 50% after resampling. Therefore, voxel size 
resampling did have a noticeable effect on some of the GLSZM features. The resampling effect at 
the lower number of gray levels, Ng = 8 and Ng = 16 for these features is readily observable as 
shown in the Figure 3-3. 
 
 
 
 
 
 
18 
 
Table 3-2: Grouping of 85 non-wavelet features based on %COV values after voxel size resampling. 
Group 1 
(%COV > 50) 
   Group 3 
Moderate (%COV < 50) and negligible effect of resampling 
1- NGTDM-Busyness 21- Fractal- SD 53- GLCM-Diff. Entropy 
2- GLSZM-LISAE 22- GLCM-Info. Correlation1 54- GLCM-Correlation 
3- GLSZM-LILAE 23- GLSZM-SZV 55- GLRLM-LRHGE 
4- GLSZM-IV 24- GLRLM-SRLGE 56- GLCM- Autocorrelation 
5- GLSZM-LIE 25- GLRLM-LGRE 57- GLRLM-HGRE 
6- GLSZM-HILAE 26- GLCM-Kurtosis 58- GLRLM-SRHGE 
7- GLSZM-LAE 27- GLRLM-LRLGE 59- Fractal-MeanLac3 
8- GLSZM-HISAE 28- Fractal-SDlac3 60- Intensity-Uniformity 
9- GLSZM-SAE 29- GLCM-Cluster prominence 61- Intensity-MaxI 
 30- Fractal-SDlac1 62- Fractal-MeanLac2 
Group 2 (%COV < 30) 31- GLCM-Contrast 63- GLCM-Sum Average 
10- GLCM-Variance 32- Intensity-SD 64- Shape-Convexity 
11- NGTDM-Coarseness 33- Intensity-Coeff. Vari. 65- Fractal-Mean FD 
12- GLCM-Inverse variance 34- Fractal-SDlac2 66- Shape-V(cc) 
13- NGTDM-Texture Strength 35- GLCM-Difference Average 67- GLRLM-LRE 
14- Intensity-Icl. homogeneity 36- NGTDM-Contrast  68- GLRLM-RPC 
15- GLCM-Mean 37- GLCM-Info Correlation2 69- Shape-Surf A(cm2) 
16- Intensity-Contrast 38- NGTDM-Complexity 70- GLCM-Sum Entropy 
17- GLRLM-GLNU 39- GLCM-Inverse Variance P 71- GLCM-Entropy 
18- Intensity-TGV 40- GLSZM-HIE 72- Shape-Surf/vol 
19- GLRLM-RLNU 41- GLCM-Local homogeneity 73- Shape-Compactness 
20- Intensity- Energy 42- GLCM-Energy 74- GLCM-Inverse diff. 
 43- GLCM-Difference Variance 75- Shape-Long(mm) 
 44- Shape-Short(mm) 76- Intensity-Hist. Entropy 
 45- Shape-Eccentricity 77- Intensity-PeakI 
 46- GLCM-Cluster tendency 78- Shape-Sphericity 
 47- GLCM-Sum Variance 79- Shape-Sph. disprop. 
 48- GLCM-Dissimilarity 80- Intensity-RMS 
 49- GLSZM-ZP 81- Intensity-MeanI 
 50- Fractal-MeanLac1 82- GLRLM-SRE 
 51- GLCM-Homogeneity1 83- GLCM-Inverse diff. moment 
    52- Intensity-Entropy  
  84- Intensity-MinI (not plotted) 
  85- Intensity-Skewness (not plotted) 
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Figure 3-1: Absolute value of the %COV calculated from 116 original (solid triangles) and resampled (open triangles) 
image sets for 83 non-wavelet features.  Group 1 features that had %COV > 50 after resampling are shown in the 
insets. Features are ordered (Figure index) on the x-axis from largest to lowest %COV based on the images of the 
rubber cartridge, same order as in Table 3-2. The feature order for (a) rubber cartridge was applied to (b) ABS 20 
cartridge. 
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Figure 3-2: Comparison of 83 features extracted from original and resampled data with Ng = 64 to those same features 
extracted with lower number of gray levels.  Comparison of Ng = 64 to a) Ng = 32, b) Ng = 16, and to c) Ng = 8. 
Features indicated similar trend at Ng = 32, 16 and 8 as did for Ng = 64 except for 4 GLSZM features which showed 
%COV < 50 after resampling at Ng = 8 and 16 as shown in the inset of panels b and c. 
 
 
21 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3-3: Comparison of group 1 (Table 3-2) GLSZM features for Ng = 8, 16, 32 and 64 after voxel-size resampling.  
Four GLSZM features, namely, IV, LAE, SAE and HISAE showed %COV < 50 for Ng = 8 and Ng = 16. 
 
The wavelet features derived from first order statistics for the rubber and ABS20 cartridges 
are shown in Figure 3-4a and 3-4b, respectively. First order energy, contrast, TGV and local 
homogeneity derived from 8 different wavelet decompositions improved significantly after 
resampling for both cartridges. The only exception was for local homogeneity (LLH), which 
showed large variation even after resampling (group 1, Table 3-3). Most skewness combinations 
for the rubber cartridge and most kurtosis decompositions for ABS20 cartridge had large 
variability before and after resampling. Sixty eight percent of the wavelet features were found to 
be reproducible across voxel sizes, and therefore, resampling had negligible effect on these 
features. The %COV values for 128 wavelet features extracted using lower number of gray levels 
Ng = 8, 16 and 32 were in agreement with results obtained for Ng = 64.  For wavelet features, 
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comparisons of all four gray levels, Ng = 8, 16, 32 and 64, after resampling are shown in the Figure 
3-5. 
 
Table 3-3: Grouping of 128 first order wavelets features based on %COV values after resampling. 
Group 1 
                         (%COV > 50) 
(10/128) features 
each cartridge 
Group 2 
(%COV < 30) 
(31/128) features  
each cartridge 
                     Group 3 
Moderate (%COV < 50) 
                 (87/128) features 
                     each cartridge 
Rubber Cartridge ABS20 Cartridge Rubber & ABS20 
All Filter 
Combinations 
Rubber 
Cartridge 
All Filter 
Combinations 
ABS20 Cartridge 
All Filter 
Combinations 
Skewness 
(All filter 
combinations) 
 
Kurtosis  
(All filter 
combinations) 
Except LLH & HHH 
 
Local Homogeneity  
(Except LLH lcl. 
homo) 
 
Kurtosis-  
(all 
combinations 
except  
HHH- Kurtosis) 
Skewness-  
(all combinations 
except LHH, HLH, 
HHH- Skewness) 
 
Lcl. homo (LLH) Lcl. homo (LLH) TGV Min. I Kurtosis (HHH) 
Kurtosis (HHH) Skewness (LHH) Energy Max. I Kurtosis (LLH) 
 Skewness (HLH) Contrast Peak I Min. I, Max. I 
 Skewness (HHH)  Mean I Peak I, Mean I 
   Hist. Entropy Hist. Entropy 
   Uniformity Uniformity 
   Coeff. Vari. Coeff. Vari 
   Entropy Entropy 
   S.D. S.D. 
   RMS RMS 
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Figure 3-4: Absolute value of the %COV calculated from 72 original (solid triangles) and resampled (open triangles) 
image sets for 128 wavelet features.  Group 1 features that had %COV > 50 after resampling are shown in the insets. 
Features are ordered (Feature index) on the x-axis from largest to lowest %COV value. Different feature order was 
used for a) rubber cartridge and b) ABS20 cartridge. 
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Figure 3-5: Comparisons of first order wavelets for Ng = 8, 16, 32 and 64 after voxel-size resampling. For group 1 
features (Table 3-3), %COV > 50 for all gray levels as shown in the inset. The %COV < 30 for group 2 features 
(features 11 to 41 in Table 3-3) and % COV < 50 for group 3 (features 42-128 in Table 3-3) for all Ng values. 
 
3.4.2 Normalization by voxel size 
Identified feature values calculated using the original and normalized feature definitions 
are plotted as a function of pixel size and slice thickness in Figure 3-5 and Figure 3-6. Feature 
values were scaled before plotting to obtain a similar range of values for all features. The same 
ROIs as for voxel resampling were used here. After feature modifications, energy, TGV, entropy 
from first order statistics, mean and inverse variance from GLCM, and RLNU and GLNU from 
GLRLM were found to be reproducible across the studied voxel volumes. Variations in modified 
coarseness and texture strength were relatively larger but median values were similar for all pixel 
sizes. Contrast from GLCM indicated high variations even after feature modifications (Figure 3-
7).  Notice that entropy from first order statistics was normalized using the logarithm of the number 
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of voxels in the ROI. The results were similar across all ROI sizes. The normalizing factors for the 
identified features are shown in Table 3-4. 
 
 
Figure 3-6: Scaled features values extracted from original and normalized feature definitions as a function of pixel 
size and slice thickness.  Modified values are shown by box plot. Middle, lower and upper lines in the box indicate 
median, first quartile and third quartile, respectively. Energy (a) from intensity histogram and GLNU (b) from the 
GLRLM almost converge to a straight horizontal line after normalization. Coarseness (c) and texture strength (d) from 
NGTDM exhibit small variations in median values, but with small dependence on slice thickness and pixel spacing 
after normalization. 
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Figure 3-7: Scaled features values extracted from original and voxel-size normalized feature definitions as a function 
of pixel size and slice thickness.  Modified values are shown in box plots. Middle, lower and upper lines in the box 
indicate the median, first quartile and third quartile, respectively. The Mean (a) and Inverse Variance (f) from GLCM; 
TGV (b) and Entropy (c) from intensity histogram; and RLNU (d) from GLRLM all converge into a straight horizontal 
line after voxel-size normalization. Contrast (e) from intensity histogram showed large variability but its median value 
was pretty constant foe all voxel sizes. 
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Table 3-4: Ten radiomic features from different feature groups that were normalized using voxel size. 
Feature Description           Original Feature formula, f(P,T)   Modified formula 
First order features based on Intensity Histogram 
 
20- Energy 
Measures homogeneity of 
intensity histogram 
∑ ∑ ∑[𝑇(𝑥, 𝑦, 𝑧)]2
𝑍
𝑧=1
𝑌
𝑦=1
𝑋
𝑥=1
 
 
1
𝑉(𝑃,𝑇)
   *  f(P,T) 
 
52- Entropy 
 
Measure of disorder − ∑ 𝑇(𝑖) log2 𝑇(𝑖)
𝑁𝑔
𝑖=1
 
   
1
log [𝑛(𝑃,𝑇)]
  * f(P,T) 
 
18- TGV 
 
Total summed intensity in 
ROI 
∑ 𝐼(𝑣)
𝐺
𝑖=1
 
 
      V(P,T)  *  f(P,T)   
 
16- Contrast Intensity variation of intensity 
histogram 
∑ ∑ ∑ 𝑇(𝑥, 𝑦, 𝑧)
𝑍
𝑧=1
𝑌
𝑦=1
𝑋
𝑥=1
 
     V(P,T)  *  f(P,T) 
 
Second order features based on Co-occurrence matrix 
 
12- Inverse  Variance 
Place low weight on values 
differing from average matrix 
value 
       ∑ ∑
𝑝(𝑖,𝑗)
|𝑖−𝑗|2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1 , 𝑖 ≠ 𝑗  
       V(P,T)  *  f(P,T) 
15- Mean The mean value of the co-
occurrence matrix  
∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
        V(P,T)  *  f(P,T) 
 
Grey level run length matrix (RLM) features 
 
17- GLNU 
Measures the non-uniformity 
of the grey levels 
              
1
𝑛
∑ [∑ 𝑅(𝑖, 𝑗)𝑁𝑔𝑗=1 ]
2𝑀
𝑖=1  
 
             
       V(P,T)  *   f(P,T) 
 
19- RLNU 
Measure the non-uniformity of 
the run lengths 
1
𝑛
∑ [∑ 𝑅(𝑖, 𝑗)
𝑀
𝑗=1
]
2𝑁𝑔
𝑖=1
 
 
        V(P,T)  *  f(P,T) 
Grey level Neighborhood Difference Matrix (NGTDM) 
11- Coarseness Measure of texture uniformity 
(Ɛ + ∑ 𝑝𝑖
𝑁ℎ
𝑖=0
𝑀(𝑖))
−1
 
      
1
𝑉(𝑃,𝑇)
   *   f(P,T) 
13- Texture Strength 
Measure of distinguishability 
between clusters of different 
intensities. 
[∑ ∑ (𝑝𝑖 + 𝑝𝑗
𝑁ℎ
𝑗=0
𝑁ℎ
𝑖=0 )(𝑖 − 𝑗)
2]
[Ɛ + ∑ 𝑀(𝑖)
𝑁ℎ
𝑖=0 ]
  
𝑝𝑖 ≠ 0,  𝑝𝑗 ≠ 0 
 
        
1
𝑉(𝑃,𝑇)
   *  f(P,T) 
 
V (P, T), n (P, T) are described in text. T (x, y, z) is the normalized value obtained from each voxel. T (i) is the probability of 
the occurrence of the grey-level i and Ng is the number of discrete intensity levels.  I (v) is the intensity of a voxel, G is the 
number of voxels in a volume-of-interest (VOI). Other terminology used for GLCM, GLRLM and NGTDM features is described 
in Table 3-5 and Table 3-6. Feature number is given according to Table 3-2. 
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Interscanner comparison using voxel size normalization for identified features for the 
rubber cartridge are shown in Figure 3-8 and Figure 3-9. The normalized feature values in each 
case form a horizontal straight line, there by indicating that the normalized features were 
reproducible across different scanners. Non-normalized feature values for the two Philips and the 
four Siemens scanners were in close agreement, but not so for the two GE scanners; this is because 
the GE scanners differed in slice thicknesses, and thus in voxel size. Exceptions were contrast from 
GLCM and texture strength from NGTDM (Figure 3-9) for which both GE scanners produced 
results that were different to the other 6 scanners even after feature normalization.  
 
 
Figure 3-8: Scaled original (solid triangles) and normalized (open triangles) features values across 8 different scanners. 
Normalized values for energy (a) from intensity histogram, mean (b) from GLCM, GLNU (c) from GLRLM, and 
coarseness (d) from NGTDM nearly converge into horizontal straight lines for all scanners, while the original feature 
values for two GE scanners were different because of different slice thickness. 
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Figure 3-9: Scaled original (solid triangles) and voxel-size normalized (open triangles) feature values as a function of 
8 different scanners for the rubber cartridge.  Normalized values for TGV (b) and Entropy (f) from intensity histogram; 
RLNU (e) from RLM; and Inverse Variance (d) from GLCM all nearly converge into straight horizontal line for all 
scanners. Normalized and original values for Texture Strength (c) from NGTDM and Contrast (a) from Intensity 
histogram were similar for 6 scanners but different for GE scanners. The reason for this difference were the restrictions 
on slice thicknesses by the GE scanners used. 
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3.4.3 Normalization by number of gray levels 
 Only 7 out of 51 texture features, namely, Inverse difference moment (IDM), inverse 
difference (ID), information correlation 1 and information correlation 2 from GLCM; short run 
emphasis (SRE) and run percentage (RPC) from GLRLM; and coarseness from NGTDM, were 
found reproducible (%COV < 20) with varying gray level discretization for all phantom materials. 
The remaining 44 features had large variation with discretization (%COV > 20). Most of the 
remaining 44 features were dependent on the number of gray levels. For some features, their 
relationship with gray levels appeared to be random, therefore, no normalizing factor could be 
identified. However, 17 out of 44 features showed a trend with varying number of gray levels. 
Further investigation indicated that these feature had linear, quadratic and cubic type relationships 
with the number of gray levels. These dependencies were minimized or eliminated by introducing 
the normalizing factors given in Table 3-5 and Table 3-6.   
 Original and normalized feature values as function of number of gray levels for contrast 
and dissimilarity from GLCM for rubber and ABS20 cartridges are shown in Figure 3-10. The 
mean value of %COV decreased to below 20% for all 17 texture features after normalization as 
shown in the Figure 3-11. The normalizing factors were tested for different sized ROIs 
encompassing the rubber and ABS20 cartridges that resulted in reproducible feature values. Most 
of GLSZM features and busyness from NGTDM were found to have large variation with the 
number of gray levels 
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Figure 3-10: Scaled original and normalized features values as function of number of gray levels (Ng) for rubber and 
ABS20 cartridges. Contrast (a) and dissimilarity (b) from GLCM became independent of Ng after gray level 
normalization as shown by open triangles and circles. 
 
 
Figure 3-11: The %COV calculated over 12 different ROIs (10 ROIs of 14 cm3 for each of the 10 cartridges in the 
phantom and 2 larger ROIs of 50 and 60 cm3 contoured over multiple cartridges.  The %COV calculated over 12 
different ROIs (10 ROIs of 14 for each of the 10 cartridges in the phantom and 2 larger ROIs of 50 and 60 cm3 
contoured over multiple cartridges, i.e., ABS, wood and shredded rubber) before (dark bars) and after (light bars) 
normalization. The phantom was scanned with a Siemens Definition AS scanner with pixel size of 0.48 mm and slice 
thickness of 3 mm. 
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Table 3-5: GLCM features normalized by the number of gray levels 
 
 
 
 
     Feature                    Original  Feature formula 
                          f 
        Modified Feature formula 
                    fm       
 
71- Entropy − ∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑙𝑜𝑔2 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑖=1
 
         
1
log [𝑁𝑔∗𝑁𝑔]
  * f 
 
53- Diff. Entropy − ∑ 𝑃𝑥−𝑦
𝑁𝑔−1
𝑖=0
(𝑖) 𝑙𝑜𝑔2{𝑝𝑥−𝑦(𝑖)} 
         
1
log[𝑁𝑔∗𝑁𝑔]
  * f 
 
70- Sum Entropy − ∑ 𝑃𝑥+𝑦
2𝑁𝑔
𝑖=2
(𝑖) 𝑙𝑜𝑔2{𝑝𝑥+𝑦(𝑖)} 
         
1
log [𝑁𝑔∗𝑁𝑔]
  * f 
 
31- Contrast ∑ 𝑛2 {∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑖=1
𝑁𝑔
𝑖=1
}
𝑁𝑔−1
𝑛=0
, |𝑖 − 𝑗| = 𝑛 
               
𝑓
𝑁𝑔∗𝑁𝑔
 
 
15- Mean ∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
             f * Ng* Ng 
        
 
47- Sum Variance                
 
∑(𝑖 + ∑ ∑ 𝑝(𝑖, 𝑗)log (𝑝(𝑖, 𝑗))2
𝑁𝑔
𝐽
𝑁𝑔
𝑖
2𝑁𝑔
𝑖=2
log{𝑝𝑥+𝑦(𝑖)} 
 
                   
𝑓
𝑁𝑔∗𝑁𝑔
 
        
 
43- Difference Variance 
 
∑(𝑖 + ∑ ∑ 𝑝(𝑖, 𝑗)log (𝑝(𝑖, 𝑗))2
𝑁𝑔
𝐽
𝑁𝑔
𝑖
2𝑁𝑔
𝑖=2
log{𝑝𝑥−𝑦(𝑖)} 
 
                    
𝑓
𝑁𝑔∗𝑁𝑔
 
  
63- Sum Average  
 
∑ 𝑖𝑝𝑥+𝑦(𝑖)
2𝑁𝑔
𝑖=2
 
 
𝑓
𝑁𝑔
 
 
35- Difference Average ∑ 𝑖𝑝𝑥−𝑦(𝑖)
2𝑁𝑔
𝑖=2
 
𝑓
𝑁𝑔
 
 
48- Dissimilarity  ∑ ∑|𝑖 − 𝑗|
𝑁𝑔
𝐽=1
𝑁𝑔
𝑖=1
 𝑝(𝑖, 𝑗) 
𝑓
𝑁𝑔
 
p (i, j) is the co-occurrence matrix. Ng is the number of discrete gray levels. px is the ith entry obtained by summing 
the rows of p (i, j), py is the jth entry obtained by summing the columns of p(i, j). Feature number is given according 
to Table 3-2. 
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Table 3-6: GLRLM, GLSZM and NGTDM features normalized by the number of gray levels. 
 
 
 
Feature                        Original Feature formula, f 
                         f 
Modified Feature   
      formula, fm        
Gray level run length matrix (GLRLM) features 
 
  17- GLNU 
 
                         
1
𝑛
∑ [∑ 𝑅(𝑖, 𝑗)𝑁𝑔𝑗=1 ]
2𝑀
𝑖=1  
 
             
              f  * Ng 
 
  57- HGRE 
1
𝑛
∑ ∑ 𝑅(𝑖, 𝑗)𝑖2
𝑁𝑔
𝑗=1
𝑀
𝑖=1
 
                 
𝑓
𝑁𝑔∗𝑁𝑔
 
 
  58- SRHGE 
1
𝑛
∑ ∑
𝑅(𝑖, 𝑗)𝑖2
𝑗2
𝑁𝑔
𝐽=1
𝑀
𝑖=1
 
                 
𝑓
𝑁𝑔∗𝑁𝑔
 
Neighborhood gray tone difference matrix (NGTDM) features 
 
 
  36- Contrast 
    
[
1
𝑁𝑔(𝑁𝑔 − 1)
∑ ∑ 𝑝𝑖
𝑁ℎ
𝑗=𝑜
𝑁ℎ
𝑖=0
𝑝𝑗(𝑖 − 𝑗)
2][
1
𝑛2
∑ 𝑀(𝑖)
𝑁ℎ
𝑖=0
] 
 
𝑓
𝑁𝑔
 
 
 38- Complexity  
 
∑ ∑{|𝑖 − 𝑗|}
𝑁ℎ
𝑗=0
𝑁ℎ
𝑖=0
/(𝑛2(𝑝𝑖 + 𝑝𝑗)}{𝑝𝑖 𝑀(𝑖) + 𝑝𝑗 𝑀(𝑗)} 
 
      
𝑓
𝑁𝑔3
 
 
13- Texture  strength 
[∑ (𝑝𝑖 + 𝑝𝑗
𝑁ℎ
𝑖=0 )(𝑖 − 𝑗)
2]
[Ɛ + ∑ 𝑀(𝑖)
𝑁ℎ
𝑖=0 ]
  
𝑝𝑖 ≠ 0,  𝑝𝑗 ≠ 0 
           
                   
𝑓
𝑁𝑔∗𝑁𝑔
 
Gray level size zone matrix (GLSZM) feature  
 
 40- HIE 
1
𝛺
∑ ∑ 𝑖2
𝑁𝑔
𝑗=1
𝑚
𝑖=1
, 𝑧(𝑖, 𝑗) 
                   
𝑓
𝑁𝑔∗𝑁𝑔
 
 
a- GLRLM: R (i, j) is the (i, j)th entry in the given run-length matrix and Ng is the number of discrete gray levels 
in the image. M is the longest run and n is the number of pixels in the image.  
b- NGTDM:  Pi is the probability of occurrence of voxel of intensity i and M (i) is the NGTDM value of intensity 
i. Nh is the highest gray level value and Ng is the number of grey levels present in the image.  
c- GLSZM: In size zone matrix z (i, j), rows i indicate grey levels and columns indicating zone sizes. Ng is the 
number of grey levels and the largest zone size is indicated by m. Ω is the total number of unique connected 
zones. Feature number is given according to Table 3-2. 
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3.5 Discussion 
A necessary property of a radiomic feature in order to qualify as a potential imaging 
biomarker is robustness, for example, insensitivity to data acquisition and image reconstruction 
settings. Recent studies however, show that many features exhibit large variability due to 
acquisition and reconstruction parameters [16, 36]. In routine CT diagnostic studies there is large 
variability in slice thickness and pixel spacing of the images due to user preference, protocol 
requirements, manufacturer’s settings, etc. These two parameters determine the voxel size, i.e., the 
image spatial resolution. Therefore, evaluating the impact of voxel size on CT radiomic features 
is of paramount importance. Most features were initially developed for non-medical applications 
and for planar images. Consequently, original formulas and algorithms to compute feature values 
may have made assumptions that may not be applicable to modern medical images. Voxel size 
resampling or voxel size normalization might be required for some features in the case of 3D 
medical image sets reconstructed using a range of voxel sizes. In this phantom study, we found 
30% of the features were highly sensitive to voxel size. For the voxel size dependent features, we 
presented two methods to improve the robustness of the features among images reconstructed with 
different voxel sizes: one method was to resample all images to a chosen voxel size, and the other 
method was to normalize feature values by voxel size. 
Resampling of CT phantom image sets to uniform voxel size increased the robustness of 
42 out of 213 features studied. These were: 4 features from first order statistics, 3 features from 
GLCM, 2 features from GLRLM, 2 features from NGTDM, and 31 wavelet features (e.g., energy, 
local homogeneity, TGV, contrast) derived from first order statistics of the 8 different image 
decompositions from each ROI.  Not surprisingly, the behavior of some wavelet features with 
voxel size resampling was similar to that of first order features derived from the intensity 
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histograms. Interestingly, some features such as run length based GLNU and coarseness from 
NGTDM were identified as promising features in recent studies. For example, coarseness, which 
resembles human perception of image granularity, was found to be clinically useful in 
differentiating head and neck tumors and lymph nodes from normal tissues [37]. This feature was 
also found to be a useful biomarker in predicting response of chemotherapy in case of non-small 
cell lung cancer [38] and esophageal cancer [10]. Gray level non-uniformity from GLRLM was 
found to have intermediate variations due to FDG PET acquisition and reconstruction 
parameters,[13] in contrast to our results that indicated large dependency on voxel size. In the same 
study, [13] coarseness from NGTDM exhibited large variability in close agreement with our 
results. The large variability in feature values was greatly reduced after resampling, thereby 
suggesting resampling of all image sets to the a pre-selected voxel size as a way to eliminate 
dependencies introduced by voxel volume or the number of voxels in the ROI. 
The voxel size of a CT image can be changed by resampling the slice thickness along the 
longitudinal z-axis or by resampling pixel size in the axial (x-y) plane. We found 10 features that 
were intrinsically dependent on voxel size. Therefore, incorporating voxel size in the definitions 
of these identified features improved their robustness as shown in Figure 3-6 and Figure 3-7. These 
results were in agreement with a recent study [39] for Intensity-energy, NGTDM-Coarseness, 
GLRLM-GLNU and GLRLM-RLNU, but not for busyness from NGTDM which showed large 
variability before and after normalization. Additionally, we identified more features, namely, 
Intensity-entropy, Intensity-contrast, GLCM-mean and NGTDM-Texture strength that were 
dependent on voxel size. A cautionary point to make here is that features are not standardized, and 
therefore, features with the similar names may have different definitions/algorithms in different 
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publications [40]. Therefore, standardization of feature names, mathematical definitions and 
implementation algorithms is needed.  
Imaging data for radiomics studies typically originate from multiple scanners, therefore 
radiomics features that are robust across scanners would be desirable. Here we showed that 
features normalized by voxel size were robust across scanners. Without normalization, the 
identified features behaved similarly for images from Siemens and Philips scanners, but not for 
GE scanners (Figure 3-8). This was a consequence of the GE detector design which restricted slice 
thickness values; therefore, voxel size was the reason for the difference seen in GE scanners. This 
also explains the dependence of some radiomics features on scanner manufacturer in a recent study 
[14] in which phantom scans were resampled to in-plane pixel spacing of 1 mm2, but slice 
thicknesses ranged from 2 to 3 mm.  
Therefore, without normalization or voxel size resampling, the identified features convey 
information related to the volume of the ROI predominantly, and not to texture or other intervoxel 
relationships. To ensure meaningful results, we recommend researchers perform voxel size 
normalization for these voxel-size dependent features and resampling for all features. Resampling 
of all images to a particular voxel size should be done for standardization because non-voxel-size-
dependent features may have different values for different voxel sizes independently of ROI 
volume.                  
 In a separate analysis, only 7 out of 51 texture features were found to be robust with respect 
to varying number of gray levels. These findings were partly in agreement with a recent study [41] 
for features such as coarseness, Info correlation 1, inverse difference and inverse difference 
moment. However, we found variability (i.e., %COV > 20) for other features such as difference 
entropy, sum entropy, entropy, variance, homogeneity 1 and homogeneity 2 in contrast to the same 
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study. We identified 17 texture features that were dependent on Ng; normalizing these features by 
the number of gray levels increased their robustness (Figure 3-11). It is possible that for a given 
Ng, a texture feature may be robust. Therefore, large variability as a function of gray level 
discretization does not necessarily imply a feature is useless for clinical applications.  
 Currently, there is lack of standardization regarding feature extracting methodology [35]. 
Different radiomics groups have used different methodologies, such as different Ng to extract 
features. As shown by recent studies [35, 41], texture features may be highly correlated with Ng. 
Here we tried to identify normalizing factors for these features in order to minimize or eliminate 
their dependencies on Ng. These dependencies are in fact expected from the equations that define 
the features, but what has not been made clear is, first, the existence of these intrinsic dependencies, 
and second, how the intrinsic dependencies can be minimized or eliminated. This is important to 
eventually be able to compare features in multicenter studies and clinical trials. Otherwise, a 
feature value for a given texture definition would be different across institutions due to differences 
in feature extraction methods. Moreover, there may be advantages or disadvantages in using 
features with or without dependencies on the number of gray levels. A more general approach 
would be to consider features computed with different number of gray levels as different features 
altogether, that is, the number of gray levels are part of the feature definitions. The main import 
here is that feature may have Ng-dependencies, and these dependencies may lead to poor or 
erroneous conclusions if one is unaware.  
Gray level resampling only affects second and higher order radiomics features. However, 
voxel size variation could impact both first, second and higher order features. Identification of 
texture features that depend on the number of gray levels and/or the voxel size is necessary to 
remove or reduce the intrinsic dependencies from feature definitions. For example, coarseness was 
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a feature that showed large variability with voxel size but robustness with gray level; hence only 
normalization by voxel volume (or number of voxels) would be required. Other features such as 
GLNU, mean and texture strength were sensitive to both voxel size and number of gray levels, 
therefore, they would require normalization by voxel size as well as the number of  gray levels.  
Finally, a limitation of this study was that we used a texture phantom [14]; therefore biological 
correlation for identified features was not addressed. However, stable texture phantoms are 
advantageous since they provide stable geometry and physical characteristics for testing the 
robustness of CT radiomic features; a prerequisite for studies with human subjects. Moreover, 
interscanner, intrascanner and multicenter variability in CT radiomic features due to acquisition 
and reconstruction parameters can be more readily assessed with phantoms.  
3.6 Conclusions 
In this work, we identified 42 out of 213 features that were dependent of voxel size. This 
dependency can be removed either by resampling all the image sets to a nominal voxel size, as 
described in this chapter, or by normalizing by voxel size. Either approach is a recommended 
preprocessing step before feature extraction.  Moreover, 17 texture features were dependent on the 
number of gray levels. This dependency can also be removed or reduced by normalizing by the 
number of gray levels used. These findings suggest that feature definitions must be revisited to 
remove these and perhaps other dependencies introduced when they were first reported.  
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4 VOXEL-SIZE AND GRAY LEVEL NORMALIZATION OF CT RADIOMIC 
FEATURES IN LUNG CANCER TUMORS 
4.1 Purpose 
In this chapter, we validated the voxel size normalizations of 10 radiomic features, derived 
from a texture-phantom study using 8 different CT scanners, on images of lung tumors. Moreover, 
17 different texture features were extracted using different intensity discretization levels to validate 
the gray level (GL) normalization. 
4.2 Background 
As recently highlighted by a number of studies [14, 16, 42, 43], the variability in pixel size 
and slice thickness in acquired CT data sets is expected if they are acquired on different scanners 
or using different CT protocols on the same scanner. The pixel size or reconstruction FOV is an 
important reconstruction parameter in CT, which is not usually reported in most published 
radiomics papers [43]. In a lung cancer study by Basu et al. [29], the variation in reconstructed 
slice thickness ranged from 3 to 6 mm and there was large variability in pixel size. In another 
study, the pixel size ranged from 0.59 to 0.88 mm for 39 patients with metastatic renal cell cancer 
[44]. In a separate study, the pixel size variation was 0.39 to 0.82 mm for 33 patients, but the author 
resampled the volumes to isotropic voxels of 0.59 mm3 using cubic spline interpolation [45]. Since 
both reconstructed slice thickness and pixel size determine image voxel size or number of voxels 
within tumor volume (VOI), it is important to investigate feature robustness as a function of 
number of voxels and voxel size within VOI. The numbers of voxels inside a VOI are determined 
by VOI and the spatial resolution of the scan. 
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Tumor volume is a Shape feature that is typically calculated in most radiomic software by 
multiplying voxel size by the number of voxels of the VOI. The number of voxels within a VOI, 
which might play a significant role on feature robustness, can be varied in two possible ways; (1) 
by changing the VOI volume while keeping the voxel size constant or (2) by changing the voxel 
size while keeping the VOI volume constant. Voxel size resampling to a selected size would be an 
appropriate approach to reduce or eliminate voxel size variation for most radiomic features, 
however, resampling is not sufficient for some intensity histogram and texture features as reported 
previously [42]. The important point here is that the numerical value of these feature were highly 
correlated with number of voxels or tumor volume ( Figure 4-1) and this dependence can only be 
eliminated by including number of voxels or voxel size in feature definitions (i.e., feature 
normalization). 
The standardization of feature extraction methodology is also important for second and 
higher order texture features in radiomics [35]. Typically, to make feature extraction process 
computationally less extensive, the voxel intensities (gray levels) within the VOI are resampled to  
2N number of bins, where N ranges from 3 to 8 in the literature [31]. Different researchers in 
radiomic studies have used different gray level resampling to extract features from VOI [32-34]. 
There could be large variability in numerical values of texture features for different discretization 
levels. One way to address the issue of variability due to different feature extraction techniques is 
to develop feature normalization methods. As recently shown, the robustness of texture features 
with different number of gray levels significantly improves as a result of gray level normalization 
[42]. 
In this work, the Spearman rank correlation coefficient (Rs) was used to evaluate the 
correlation between numerical values of these radiomic features with the number of voxels before 
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and after normalization. The interclass correlation coefficient (ICC) was used as an assessment 
metric for features robustness for varying number of gray levels.  
4.3 Methods 
4.3.1 Patient and phantom images  
This retrospective study was approved by University of South Florida (USF) institutional 
review board (IRB). A total of 18 patients having non-small cell lung cancer (NSCLC), with 
varying volumes from 4 to 123 cm3, were considered for this study. The patients were treated with 
SBRT between 2009 and 2013. All patients’ simulation CT scans were acquired with a Brilliance 
Big bore scanner (Philips Medical systems, Cleveland, OH, USA). The pixel size of the 
reconstructed images was 0.98 mm for two patients and 1.17 mm for rest of the patients. The 
reconstructed slice thickness for all patients was 3 mm. Images from four patients were 
reconstructed with ‘standard’ reconstruction kernel while all others were reconstructed with a 
‘Sharp’ kernel. One of the scans was acquired with 140 kVp and all others with 120 kVp. The 
range of tube current used was 65 to 483 mA.  
The CCR phantom [14] scans were acquired on 8 different scanners from three major 
manufacturers, namely, Philips, GE, and Siemens Healthcare systems. The scanner models were 
Philips Big bore, Philips Brilliance 64, GE Discovery STE, GE Lightspeed pro, Siemens Definition 
AS, Siemens Sensation 64, Siemens Sensation 40, and Siemens Sensation 16 [42]. The 
reconstructed pixel size and slice thickness for all scans were 0.98 mm and 3 mm for all phantom 
scans. Images were acquired using 120 kVp and 250 mA. The “Standard kernel” was used for 
reconstruction for Philips and GE scanners while the B31f kernel was used for the 4 Siemens 
scanners.  
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4.3.2 Data resampling & feature extraction 
The VOI for each patient, contoured by an expert radiation oncologist, was down- and up-
sampled to various voxel sizes using linear interpolation [42]. An original VOI was resampled to 
4 different pixel sizes from 0.58 to 1.38 mm and 6 different slice thicknesses from 1 to 4 mm. 
There was a total of 198 CT data sets [18 patients x 11 (original + 10 resampled)]. For phantom 
scans, a VOI of 14.2 cc was contoured within the rubber cartridge of the CCR phantom, using an 
automatic contouring tool (Mirada RTx 1.6, Mirada Medical, Oxford, UK) for all scanners [42]. 
This VOI was again further resampled to different voxel sizes similarly to the patient scans. In the 
case of the phantom, there was a total of 88 data sets [8 scanners x 11 (original + 10 resampled)]. 
Twenty four radiomic features were extracted as follows: 4 from intensity histogram, 11 from 
GLCM, 4 from GLRLM, 1 from GLSZM and 4 from NGTDM. These features are listed in Table 
4-1.  
Table 4-1: Radiomic features analyzed in this study 
Intensity Histogram  
features 
GLCM features GLRLM, GLSZM &  
NGTDM features 
1-Intensity-TGV 5-GLCM-Entropy 16-GLRLM-GLNU 
2-Intensity-Energy 6-GLCM-Sum Entropy 17-GLRLM-RLNU 
3-Intensity-Entropy 7-GLCM-Difference Entropy 18-GLRLM-HGRE 
4-Intensity-Contrast 8-GLCM-Sum Average 19-GLRLM-SRHGE 
 9-GLCM-Difference Average 20-GLSZM-HIE 
 10-GLCM-Dissimilarity  21- NGTDM-Contrast 
 11-GLCM-Sum Variance 22-NGTDM-Complexity 
 12-GLCM-Difference Variance 23- NGTDM-Coarseness 
 13-GLCM-Mean 24-NGTDM-Texture Strength 
 14-GLCM-Contrast  
 15-GLCM-Inverse Variance  
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Figure 4-1: Conceptual representation of radiomic feature correlation with number of voxels in VOI.  In both cases, 
Intensity based Entropy and Energy are both highly correlated with the number of voxels whether the number of 
voxels is changed by varying VOI with fixed voxel size or varying voxel size with fixed tumor volume. 
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4.3.3 Voxel-size normalization 
To test the usefulness of voxel-size normalization in lung cancer CT images, each feature 
algorithm was modified to include the number of voxels using the following equations, 
    
                                       𝑓𝑚(𝑃, 𝑇)   = 𝑓(𝑃, 𝑇) × 𝑁(𝑃, 𝑇)                                              (4.1) 
                                       𝑓𝑚(𝑃, 𝑇) =
𝑓(𝑃,𝑇)
𝑁(𝑃,𝑇)
                                                             (4.2)  
                                       𝑓𝑚(𝑃, 𝑇) =  
𝑓(𝑃.𝑇)
𝑙𝑜𝑔 [ 𝑁(𝑃,𝑇)]
                                                (4.3) 
                          where,         𝑁(𝑃, 𝑇) =  
𝑉𝑂𝐼 
𝑉𝑠 (𝑃,𝑇)
                                                      (4.4) 
Where fm (P, T) is the modified feature definition, f (P, T) is the original feature definition as given 
in the pertinent cited paper, and N (P, T) is the number of voxels inside a VOI given pixel size ‘P’ 
and slice thickness ‘T’. N (P, T) depends both on VOI size (VOI) and voxel size Vs (P, T). Voxel 
size, Vs (P, T), is determined both by in-plane pixel size (P) and slice thickness (T) along the 
longitudinal axis of the scanner. In this work, voxel size was replaced by the number of voxels 
inside the VOI. We note that for a given VOI, both voxel size and number of voxels within VOI 
provide the same information per equation 4.4. 
4.3.4 Gray level normalization 
To validate the gray level normalizations from our phantom study [42] in lung cancer CT 
images, 17 texture features including GLCM (9), GLRLM (3), GLSZM (1) and NGTDM (4) were 
extracted from the radiation oncologist segmented VOIs. As described above, scan data sets were 
created by resampling original scans into 8, 16, 32, 64, 128 and 256 gray levels (GL) for all 
patients/tumors. Thus, there was a total of 108 data sets (18 patients x 6 GL) for both original and 
normalized cases.  
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4.3.5 Statistical analysis 
The Spearman rank correlation coefficient was used as an assessment metric to evaluate 
the correlation between features’ numerical values and number of voxels for both original and 
normalized cases. The coefficient value of 1 or -1 indicates two variables are highly correlated and 
value of zero indicates that there is no correlation. The absolute value of Rs was calculated for 10 
features to determine which features were correlated with number of voxels in the VOIs before 
and after normalization. The features having values Rs > 0.9, 0.5 < Rs < 0.9 and Rs < 0.5 were 
respectively categorized as having high, moderate, and no correlations with voxel size.  
The ICC [46] was used to evaluate the gray level normalization of 17 texture features. ICC is 
given by equation 4.5, 
                                                     𝐼𝐶𝐶 =
𝐵𝑀𝑆−𝑅𝑀𝑆
𝐵𝑀𝑆+(𝑑−1)×𝑅𝑀𝑆
                                      (4.5) 
where RMS and BMS represent the between-residual and between subjects’s mean squares, and d 
is the total number of discretization levels (GL). The features having ICC > 0.8, 0.5 < ICC < 0.8 
and ICC < 0.5 were respectively categorized as highly stable, intermediately stable and not stable 
with respect to the varying number of gray levels. All statistical analysis was performed in IBM 
SPSS statistics version 24.0. 
4.4 Results 
4.4.1 Voxel size normalization 
Figure 4-2 shows the numerical values of 4 features, extracted from original and 
normalized definitions, as a function of logarithm of the number of voxels within the VOIs. On x-
axis, VOIs were arranged according to the increasing number of voxels. The original values of all 
four features were correlated with the number of voxels inside the VOIs. However, after 
normalization, feature values dependence on the number of the voxels was reduced or eliminated. 
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The intensity-entropy and GLRLM-RLNU showed fairly flat trends after normalization, therefore, 
mostly reflecting information about the number of voxels inside the tumor volume. In contrast, the 
variability of intensity-energy and NGTDM-coarseness were reduced to a lesser extent by 
normalization. 
The absolute value of the Spearman correlation coefficient for original and normalized 
features for the patient cohort is shown in the Figure 4-3. Figure 4-3a shows the coefficient value 
for ten features for the original 18 scan data sets. Figure 4-3b shows the coefficient value for the 
198 scan data sets which include the original and the resampled scan data sets as described in the 
Methods. In both cases, the value of the coefficient was between 0.9 and 1.0 for eight out of 10 
original feature definitions indicating feature values are highly correlated with the number of 
voxels inside the VOI. After normalization, most features became robust with respect to number 
of voxels as indicated by the low value of coefficient (Rs < 0.5). For most features, both the original 
data sets (n=18) and original plus resampled data sets (n=198) showed similar level of correlations. 
Even after normalization, 4 features, namely,  GLCM-inverse variance, Intensity-contrast, GLCM-
mean, and NGTDM-coarseness showed moderate correlations with voxel size (0.5 < Rs < 0.9) for 
the original scans. GLCM-inverse variance and NGTDM-coarseness were two features that 
showed moderate correlations with voxel size for both original and resampled data scans. 
The absolute value of Spearman correlation coefficient for original and normalized data 
sets for the rubber cartridge of the CCR phantom is shown in Figure 4-4. Most features were robust 
with respect to voxel size after normalization. The only exception was contrast based on Intensity 
histogram that shows no correlation with voxel size before and after normalization (Rs < 0.5 for 
both cases).  
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Figure 4-2: The original and normalized feature values as a function of logarithm of number of voxels for all patient 
data sets (n = 198). a) Intensity-energy and c) GLRLM-RLNU indicate a flat behavior, while b) Intensity-energy and 
d) NGTDM-Coarseness show small variations after normalization. Note that VOIs on x-axis are arranged in increasing 
number of voxels. 
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Figure 4-3: The absolute value of the Spearman correlation coefficient for original and normalized features for the 
patient cohort.  a) Original VOIs data sets (n =18) and b) Original and resampled VOIs data sets (n = 198). Black 
and gray bars represent the original and normalized features, respectively. 
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Figure 4-4: The absolute value of the Spearman correlation coefficient for original (black bars) and normalized (gray 
bars) features, extracted from the rubber cartridge of the CCR phantom (n = 88) from 8 different CT scanners. 
 
4.4.2 Gray level normalization 
The ICC values for original and normalized features with varying number of gray levels (n 
= 108) are shown in Figure 4-5. Without normalization, most features had ICC < 0.5 indicating 
features were not stable with respect to varying discretization levels. However, after normalization, 
the ICC values were between 0.8 and 1, suggesting features became highly stable (ICC > 0.8), that 
is robust with respect to the varying number of gray levels. Difference entropy derived from 
GLCM showed ICC value in intermediate stability range before normalization, however this 
feature became highly stable after normalization. The only exception was GLNU from GLRLM 
that indicated ICC close to 0.9 for both original and normalized case. This higher value of ICC 
showed that this feature was independent of gray level resampling. Another feature High Intensity 
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Emphasis (HIE) from GLSZM (not shown in Figure 4-5) showed ICC values of - 0.04 and - 0.17 
for original and normalized cases respectively. The reason for these negative values of ICC for 
HIE is not clear, one possibility is that the variance within the groups could be greater than variance 
between the groups. 
 
 
Figure 4-5: The ICC values for original (black bars) and normalized (gray bars) CT features for lung cancer tumors 
(n =108). Most features became highly stable after GL normalization (ICC > 0.8). Gray level non uniformity (GLNU) 
was the exception exhibiting high stability with or without normalization. 
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4.5 Discussion 
Advanced radiomics analysis can provide useful quantitative information to supplement 
other clinical and –omics information thereby contributing to further development of  personalized 
medicine in cancer treatment [47]. However, radiomics analysis for any imaging modality is 
affected by data acquisition and image reconstruction parameters. Therefore, one important 
property of a potential imaging biomarker is its robustness with respect to these parameters [43]. 
Most radiomic studies are currently focused on prognostic and predictive modeling while only few 
reported robustness of these features to imaging parameters [43]. In this study, our aim was to 
investigate the robustness of some CT radiomic features commonly used in lung cancer patients 
[8, 38, 48] by validating our previously reported intrinsic dependencies of features using a texture 
phantom. We indeed showed that the voxel size and gray level normalization of CT radiomic 
features for a lung cancer tumors were in agreement with our previously reported findings using 
the CCR phantom [42].   
The importance of identifying intrinsic dependencies in radiomic features is exemplified 
by the fact that some of these features have been suggested as potential imaging biomarkers in 
recent studies [3, 10, 37, 38, 48, 49]. For example, NGTDM-coarseness, which resembles human 
perception of image granularity, was found to be a useful biomarker in predicting response of 
chemotherapy in NSCLC and esophageal cancer [10, 38]. Coarseness was also found to be 
clinically useful for differentiating head and neck tumors from the normal tissues [37]. Likewise, 
Intensity histogram-based energy and GLRLM-based feature grey level non-uniformity (GLNU) 
were suggested top performing features for predicting survival [3]. Yet in another study, GLRLM-
GLNU was again suggested to have prognostic significance in adenocarcinoma [48]. Similarly, 
histogram-based energy was recently reported to be associated with overall survival or recurrence 
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related survival [49]. With this in mind, it is concerning that these features were found to be 
intrinsically dependent on voxel size (i.e., tumor volume) in a recent texture phantom study [42]. 
Therefore, this dependence raises questions regarding the reliability of these features as potential 
imaging biomarkers once their intrinsic dependencies are accounted for.  
Resampling all CT scans to nominal voxel size is not sufficient to remove the intrinsic 
dependency on voxel size/VOI size/number of voxels (see equation 4.4) for these features. Voxel 
size resampling would render equal voxel size for all VOIs, but the number of voxels in each VOI 
will depend on tumor size per equation 4.4. This dependence on number of voxels was graphically 
explained in Figure 4-1. If CT scans were acquired with the same voxel size, normalization by 
number of voxels would still be required to remove the intrinsic dependence on the number of 
voxels, which is also a dependence of VOI size per equation 4.4. 
One potential way to eliminate this dependence on voxel size and VOI size is to include 
the number of voxels, N (P, T), in mathematical definitions of these features. Note that the 
parameter, N (P, T), depends both on VOI volume and individual voxel size within a VOI (equation 
4.4). The numerical values of features were highly correlated with the number of voxels for 
original definitions but after normalization these features became robust to both voxel size and 
VOI size variations (Figure 4-2). This was also demonstrated by the high value of the spearman 
rank correlation coefficient for 8 out of 10 features for the patient cohort in Figure 4-3. The 
coefficient value was less than 0.5 after normalization, indicating that features were not correlated 
with number of voxels within VOIs (Figure 4-3). Similar trend was observed for original and 
normalized features (Figure 4-3) for varying tumor volume (n =18) as shown in Figure 4-3a and 
for varying voxel size (n =198) as shown in Figure 4-3b. After normalization by the number of 
voxels, both plots 4-3a and 4-3b shows similar values of the Spearman correlation coefficient for 
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both cases. The Spearman rank correlation coefficient for original and normalized features for 
patients were similar to those obtain from the phantom data except for the intensity-based contrast 
feature shown in Figure 4-4. The phantom intensity-based contrast was similar for both original 
and normalized features, which was contrary to our previous findings [42]. The coefficient values 
for Intensity-TGV, Intensity-Entropy, GLRLM-GLNU, and NGTDM-texture strength for the 
phantom normalized data were relatively much lower than the patient data. This might be because 
rubber cartridge within CCR phantom contains less texture as compared to those of real lung 
tumors.  
The dependence of some radiomics features on VOI volume has been the subject in recent 
publications. Fave et al. [39] proposed corrected algorithms for NGTDM-Coarseness, GLRLM-
GLNU, GLRLM-RLNU and Intensity-energy to remove their volume dependence which were in 
agreement with our results. Using the same CCR phantom  [14, 42], Laure et al. [50] showed that 
statistics energy and GLRLM-RLNU were ranked first and second in terms of dependency on slice 
thickness, also in agreement with our results. However, some other features such as Intensity-
entropy, GLCM-mean, GLCM-inverse variance and NGTDM-texture strength were dependent on 
voxel size using both phantom scans [42] as well as lung cancer patients scans as shown in this 
work. Normalization by number of voxels significantly improved these features’ robustness and 
therefore this normalization might be prerequisite for these features. Nonetheless, even after 
normalization, the usefulness of these features as potential biomarkers depends on many other 
factors [42].  
The volume dependence of identified radiomic features has implications on VOI 
segmentation. The robustness of radiomic features with respect to segmentation has been the topic 
of several recent studies [51-54]. For instance, one study reported that radiomic features were more 
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reproducible with automatic segmentation as compared to manual segmentation [54]. It is clear 
that different segmentation methods may render different VOI sizes and therefore, the numerical 
values of identified features would also be different because of the segmentation dependent 
variations in VOI size. This dependence would be particularly important when comparing results 
across studies/institutions that used different segmentation methods. 
The variability in numerical values of feature due to variable gray level resampling is a 
changeling problem in radiomics analysis. We proposed normalization by the number of gray 
levels for 17 features based on our CCR  phantom study [42], and in this work we have successfully 
tested these definitions on lung cancer patients. Most texture features became robust with varying 
gray levels after normalization as reflected by the higher values of the ICC (Figure 4-5). Again 
these results are in agreement with coefficient of variation values reported in chapter 3 [42]. The 
only exception was GLNU that showed robustness in both cases, before and after normalization, 
contrary to coefficient of variation values in our previous report [42]. Lu et al. [55] reported that 
three features based on GLCM including Entropy, Sum entropy and Difference entropy were 
robust (i.e., ICC close to 1) with varying discretization levels, contrary to our results. In our case, 
ICC values for these three features were less than 0.6 before normalization and close to 1 after 
normalization. It might be possible that feature definitions employed in [55] might differ from our 
definitions [56]. This points to the importance of testing algorithms using virtual phantoms [47]. 
4.6 Conclusions 
Previously identified clinically useful CT features such as NGTDM-Coarseness, NGTDM-
Texture Strength, GLRLM-GLNU, GLRLM-RLNU, Intensity-Energy, and Intensity-Entropy 
depend on VOI size and voxel size. This dependence was clearly shown in this work for lung 
cancer patients for two different cases of varying the VOI size and the voxel size. Therefore, 
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previously in-phantom determined voxel size normalization factors also apply to the lung cancer 
tumors. Moreover, the presented gray level normalization results for texture features in this work 
were in agreement with the previous in-phantom results [8], except for GLRLM-GLNU that 
showed robustness before and after normalization. Therefore, we conclude that radiomics 
researchers should evaluate the dependence of potential imaging biomarkers to imaging 
acquisition parameters and gray level resampling.  
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5 ACCOUNTING FOR RECONSTRUCTION KERNEL-INDUCED VARIABILITY IN 
CT RADIOMIC FEATURES USING NOISE POWER SPECTRA 
5.1 Purpose 
The purpose of the study in this chapter was to characterize how correlated noise texture 
due to different kernels influence the variability of texture features. Noise textures generated by 
different kernel and mAs settings were quantified using the NPS for several CT scanners. The 
impact of Pitch on radiomic features was also evaluated across multiple scanners.  
5.2 Background 
The impact of reconstruction kernel, radiation dose, and Pitch on CT radiomic features is 
not well established. A recent study by Zhao et al. recommended phantom studies for the 
investigation of Pitch, mAs, and reconstruction kernel impact on features on multi-scanner scale 
[12]. Recent studies reported that radiomic features were significantly affected by different 
reconstruction kernels [30, 57, 58]. Another study investigated the effect of dose reduction and 
reconstruction method on texture features and suggested that variability in CT texture features 
might be due to acquisition and reconstruction process rather than to changes in nodules 
themselves [59]. Recently, Solomon et al. [60] studied the effects of acquisition settings and 
reconstruction kernels on radiomic feature values in liver lesions, lung nodules, and kidney stones 
and found significant variation due to these parameters. All these studies focused on variation in 
features but did not address how the inherent CT image noise due to dose, reconstruction kernel 
and other acquisition and reconstruction parameters might be used to reduce variability. 
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The mAs setting (dose), the Pitch and the reconstruction kernel influence the noise texture 
of a CT image. Image noise is inversely proportional to the square root of the mAs for filtered 
back-projection based reconstructions while Pitch is directly related to radiation dose. 
Reconstruction kernels determines the smoothness or sharpness of CT images. Smoother kernels 
use low pass filters to block high frequency content to have better low contrast resolution and low 
noise. In contrast, sharper kernels preserve high frequency content for better spatial resolution at 
the expense of more noise in the final CT image.  
When the noise value in each voxel is dependent on the noise values in the neighboring 
voxels then the noise is said to be correlated. Both the dose level and the kernel produce correlated 
noise texture through the reconstruction process. Texture features might be sensitive to this 
correlated noise in CT image because most of these features describe spatial relationships of voxel 
intensities within a ROI. For example, features based on GLCM characterize the texture of an 
image by counting how often pairs of voxels with the same gray level in certain spatial relationship 
occur within a ROI. Therefore, a fundamental question is to what extend do GLCM features 
describe underlying texture information content of a CT image. This can be investigated by 
systemically quantifying the noise texture produced by different reconstruction kernels and tube 
current settings using radiomics phantoms. 
The noise power spectrum (NPS) is an analytical tool to quantify the noise texture of a CT 
image. The frequency fluctuations in image and other physical factors affecting image quality such 
as gain, spatial resolution, and additive noise could be quantified by the NPS [61]. NPS 
measurements for a CT image were reported as early as 1978 by Riederer et al. [62]. Many 
investigators used NPS metric as a task-based approach to characterize the noise texture and noise 
magnitude in CT [63-65]. For CT images reconstructed with different kernels, noise increases 
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strongly for small improvements in sharpness [66]. Solomon et al. [67] investigated how image 
noise changes with varying dose modulation across two CT scanners. These authors also used the 
peak frequency and root mean square difference for comparing the noise texture of various kernels 
across two scanners and suggested that the noise texture from a kernel was related to the peak 
frequency of the measured NPS [68]. As texture features in CT radiomics are significantly affected 
by low frequency (smooth kernels) and high frequency (sharp kernels) noise [30, 57], it would be 
useful to correlate this noise textures (and their peak frequencies) with the numerical values of 
texture features. Such a correlation would help in establishing a mathematical relationship between 
features values and correlated noise. Typically, reconstruction kernels in CT are vendor specific, 
thus it would also be useful to evaluate how feature values correlate with noise texture across 
vendors.  
In this study, CCR texture phantom [14] images generated using different kernels and tube 
currents for several CT scanners were used to extract radiomic features. The standard ACR 
phantom was imaged under the same conditions to quantify the correlated noise texture from NPS 
measurements.  
5.3 Methods   
5.3.1 Acquisition and reconstruction  
The CCR phantom [14] and the standard ACR CT accreditation phantom were scanned on 
five different scanners from three different manufacturers: GE, Siemens and Philips Healthcare. 
The CCR phantom was used for extracting radiomic features and ACR phantom was used to 
quantify noise texture for different reconstruction kernels. For consistency, the same acquisition 
and reconstruction parameters were used for both feature extraction and noise quantification. The 
variation of reconstruction kernels available on the 5 CT scanners was employed to obtain 
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smoothest to sharpest phantom images. The term ‘kernel strength’ throughout this chapter 
represents a kernel scale from very smooth to very sharp images. Details of the kernels used as 
well as other CT parameters for each scanner are listed in Table 5-1.  
 
Table 5-1: CT Scanners, acquisition and reconstruction parameters for varying reconstruction kernels. 
 
To see the effect of radiation dose and pitch variation on features, CCR phantom scans 
were acquired for different mAs and pitch settings as given in Table 5-2 and Table 5-3. The dose 
modulation or automatic exposure control options available on CT control panel were not used for 
this study. ACR phantom scans were also acquired for different radiation dose settings for noise 
power spectrum measurements and same acquisition parameters were used for extracting radiomic 
features, as listed in Table 5-2.  
 
 
 
   
 
  
CT Scanner 
    
kVp 
 
mAs 
Recon. 
FOV 
(mm) 
Scan 
Type 
Slice 
thickness, 
Recon. 
interval 
Detector  
Configuration 
(mm) 
Reconstruction Kernel 
(Variable) 
GE Discovery 
STE  
 120 65 250 Helical 1.25 mm, 
Adjacent  
Det. Coverage= 
40 
Soft, Standard, Detail, 
Lung, Edge 
Philips 
Brilliance 64  
120 65 250 Helical 1.5 mm, 
Adjacent 
64 x 0.625 Smooth (A), Standard 
(B), Sharp(C), Lung 
enhanced (L), Y-Sharp 
(YA) 
Siemens 
Definition AS  
120 65 250 Helical 1.5 mm, 
Adjacent 
64 x 0.6 I26f-2, I30f-2, I40f-
2,I44f-2, I50f-2, I70f-2 
Siemens 
Sensation 64  
120 65 250 Helical 1.5 mm, 
Adjacent 
64 x 0.6 B10f,B20f, B31f, B50f, 
B60f, B70f 
Siemens 
Sensation 40  
120 65 250 Helical 1.5 mm, 
Adjacent 
40 x 0.6 B10f,B20f, B31f, B50f, 
B60f, B70f 
60 
 
 
Table 5-2: CT Scanners, acquisition and reconstruction parameters used for varying radiation dose (mAs). 
 
 
Table 5-3: CT Scanners, acquisition and reconstruction parameters used for varying Pitch. 
 
 
 
5.3.2 Feature extraction and intra-scanner variability assessment 
A spherical ROI of 4.2 cm3 was contoured on the central region of the shredded rubber 
cartridge of the CCR phantom [14] and used for all mAs, pitch and kernel settings for all scanners. 
Eighty eight features [42] including shape (11), intensity histogram (16), GLCM (26), GLRLM 
   
 
  
CT Scanner 
    
kVp 
 
Kernel 
Recon. 
FOV 
(mm) 
Scan 
Type 
Slice 
thickness, 
reconstructi
on interval 
Detector  
Configuration 
(mm) 
Radiation dose 
(mAs) 
 (Variable) 
GE Discovery 
STE  
 120 Standard 250 Helical 1.25 mm, 
Adjacent  
Det. 
Coverage= 40 
50, 100, 200, 
300, 400 
Philips 
Brilliance 64  
120 Standard (B) 250 Helical 1.5 mm, 
Adjacent 
64 x 0.625 50, 100, 200, 
300, 400 
Siemens 
Definition AS  
120 I31f-2 250 Helical 1.5 mm, 
Adjacent 
64 x 0.6 50, 100, 200, 
300, 400 
Siemens 
Sensation 64  
120 B31f 250 Helical 1.5 mm, 
Adjacent 
64 x 0.6 50, 100, 200, 
300, 400 
 
   
 
 CT Scanner 
    
KVp 
 
mAs 
Recon. 
FOV 
(mm) 
Scan 
Type 
Recon.  
Kernel 
Slice 
thickness, 
recon. 
 interval 
Detector  
Config. 
(mm) 
 Pitch  
(Variable) 
Philips 
Brilliance 64  
120 65 250 Helical Standard(B) 1.5 mm, 
Adjacent 
64 x 0.625 0.6, 0.7, 0.8, 0.9, 
1.0,1.1, 1.2, 1.3 
Siemens 
Definition 
AS  
120 65 250 Helical I31f-2 1.5 mm, 
Adjacent 
64 x 0.6 0.6, 0.7, 0.8, 0.9, 
1.0 
1.1, 1.2, 1.3, 1.4 
Siemens 
Sensation 64  
120 65 250 Helical B31f 1.5 mm, 
Adjacent 
64 x 0.6 0.6, 0.7, 0.8, 0.9, 
1.0, 
1.1, 1.2, 1.3, 1.4 
61 
 
(11), GLSZM (11), NGTDM (05), and Fractal dimensions (8) were extracted using an in-house 
program. The absolute value of percent Coefficient of Variation [%COV = | (S.D/mean)*100|] was 
used as a metric to assess the intra-scanner variability for each feature due to Pitch, reconstruction 
kernel, and radiation dose. All features were classified into three groups based on %COV: very 
small (%COV < 10), small (10≤ %COV ≤ 20), and large (% COV > 20) range of variation.  
5.3.3 Three dimensional noise power spectrum (3D NPS) 
Two consecutive scans of the ACR phantom at each of kernel and mAs setting, were used 
for the quantification of noise texture. 3D NPS was measured [61] using the equation 
𝑁𝑃𝑆3𝐷(𝑓𝑥, 𝑓𝑦,𝑓𝑧) =  
∆x∆y∆y
𝑁𝑥𝑁𝑦𝑁𝑧
< 𝐷𝐹𝑇3𝐷|𝐼1𝑠𝑡 (𝑥, 𝑦, 𝑧) − 𝐼2𝑛𝑑(𝑥, 𝑦, 𝑧)|
2 >                   (5.1) 
Where fx, fy and fz are the spatial frequencies (mm
-1) in the x, y and z directions, respectively. 
Likewise ∆x, ∆y and ∆z are the pixels sizes (mm) and Nx, Ny and Nz are the number of pixels in 
the corresponding directions in the ROI. DFT3D denotes the 3D Fourier transform and <……> is 
the ensemble mean of all ROIs. I1st (x,y,z) and I2nd (x,y,z) are the voxel value (HU) of a ROI at 
position (x,y,z) for the first and second scan. Subtraction of first scan from the second would 
produce detrended dataset in which the voxel values have zero mean and only image noise is 
present.  
The 3D NPS was measured using images from the 3rd module of ACR phantom following 
the previously-described methodology and freely available MATLAB code by Friedman et al. 
[69]. In our case, the voxel size of 0.49 x 0.49 x 1.5 mm 3 and an ROI size of 128x 128 x 22 pixel 
3 were used for the Siemens and Philips scanners whereas voxel size of 0.49 x 0.49 x 1.25 mm3 
and ROI size of 128x 128 x 26 pixel 3 were used for the GE scanners. Since voxel size variation 
have been shown to significantly impact numerical values of some radiomic features [42], the same 
voxel size was used for both CCR and ACR phantoms in this study. Peak frequency values for 
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different kernels were calculated by fitting a mathematical function to each NPS curve and finding 
the peak frequency value corresponding to maximum NPS magnitude. 
5.3.4 NPS peak frequency and maximum intensity corrections  
Nineteen texture features based on GLCM, GLRLM and NGTDM were computed using 
modified feature definitions that incorporate the peak frequency (fpeak) and maximum intensity 
(Imax) as correction factors. That is, 
      𝐹𝑐(𝑣, 𝑁𝑔, 𝐾) = 𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝑓𝑝𝑒𝑎𝑘
𝑚 (𝐾)                                                   (5.2) 
                 𝐹𝑐(𝑣, 𝑁𝑔, 𝐾) = 𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝐼𝑚𝑎𝑥
𝑛 (𝐾)                                                     (5.3) 
where m and n are exponents; m = 1/2, -1/2, -1 or -2 and n = 1, -1, -2 or, -4 depending on the 
feature. The symbol Fc (v, G, K) is the corrected feature value, and F (v, G, K) is the original 
feature value. A constant number of gray levels, Ng =64, was used. Voxel size ‘v’ was constant 
for Philips and Siemens scanners. However, a normalization factor with respect to voxel size was 
applied for images from the GE scanner. The only variable was the kernel strength ‘K’ that varied 
from smoothest to sharpest for all CT scanners. The symbol, Imax (K), is the maximum voxel 
intensity within the rubber spherical ROI at kernel strength K. The NPS peak frequency and ROI 
maximum intensity correction factors were further tested for a larger spherical rubber cartridge 
ROIs of 14.2 cm3. 
5.3.5 Percent improvement in feature robustness 
The absolute value of the percent decrease in feature variability (or % improvement in 
feature robustness) for each texture feature was calculated using the equation  
                  𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 =  |
%𝐶𝑂𝑉𝑜𝑟𝑖𝑔.−%𝐶𝑂𝑉𝑐𝑜𝑟𝑟.
%𝐶𝑂𝑉𝑜𝑟𝑖𝑔.
| ∗ 100                                (5.4)  
where %COVorig. is the original percent COV calculated for each feature from all CT data sets 
acquired with different kernels for all scanners. Likewise, %COVcorr. is the corrected percent COV 
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computed after applying NPS peak frequency and ROI maximum intensity corrections using 
equations 5.2 and 5.3. 
5.4 Results   
5.4.1 Intra-scanner variability assessment 
The intra-scanner variability for 88 radiomic features due to varying reconstruction kernel, 
mAs, and Pitch variation is shown in Figure 5-1. For varying kernels, 30% of the total features had 
large variability (COV > 20%) for all scanners as shown in Figure 5-1a. The highest variability 
was found for GE Discovery STE scanner for which almost half of the features had %COV > 20%. 
A different variability trend was observed for features as a function of radiation dose and Pitch. 
For both radiation dose and Pitch, 80-90% of features were reproducible (COV < 10%) for all 
scanners as shown in Figure 5-1b and 5-1c, respectively. Most GLSZM features and NGTDM-
Busyness were found to have large variation (COV > 20%) with Pitch and mAs settings.  
 Figure 5-2 shows the GLCM based energy and contrast features as a function of Pitch, dose 
and kernels for the Siemens Sensation 64 scanner. The variable index (1 to 5) on the x-axis 
represents values of Pitch, dose and strength of the kernel. Numerical values for both features were 
found to be independent of variation in Pitch and radiation dose. However, these two features were 
highly dependent on reconstruction kernels. This is likely due to differences in noise texture in CT 
images produced by different kernels. Variation in dose and Pitch, on the other hand, did not affect 
noise texture.  
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Figure 5-1 Intra-scanner variability in radiomics features due to different CT parameters.  30-50% of total features 
had large variability (%COV > 20) for varying kernels (a), however for radiation dose (b) and pitch (c), only 10-15% 
of features had variability greater than 20%.  
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Figure 5-2 a) Contrast and b) Energy from GLCM as a function of kernel strength, Pitch and dose for Siemens 
Sensation 64 CT scanner.  Kernels are indicated by solid circles and vary from smooth (1) to very sharp (5), namely, 
B20f, B31f, B50f, B60f, and B70f. Pitch is depicted by open circles varying from 0.6 to 1.4 in steps of 0.2, and mAs 
is depicted by solid triangles with values of 50, 100, 200, 300 and 400. Numerical values for both GLCM features are 
linearly correlated with kernel strength but are almost independent of Pitch and dose. 
 
5.4.2 Noise Power Spectrum  
 Figure 5-3 shows 3D NPS as a function of spatial frequency at various ‘mAs’ for 4 different 
CT scanners. As expected, noise magnitude decreases as radiation dose increases from 50 to 400 
mAs for all scanners. The shape of the NPS curve was almost independent of radiation dose 
variation, that is, the peak frequency was nearly the same for all ‘mAs’ settings. The peak 
frequency shifted slightly across different CT scanners, ranging from 0.15 to 0.3 mm-1, with the 
lowest and highest values for Definition AS and Discovery STE, respectively. The important point 
here is that Siemens Definition AS scanner uses SAFIRE (Sinogram Affirmed Iterative 
Reconstruction) while all other scanners use filtered back-projection (FBP) for image 
reconstruction. The iterative reconstruction algorithm typically provides same image quality as 
FBP at lower radiation doses. The shape of NPS was consistent with that of expected filtered 
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backprojection (FBP) reconstruction as depicted by three orthogonal planes of NPS measured from 
the third module of the ACR phantom [69]. 
 
 
Figure 5-3: Measured 3D NPS as a function of spatial frequency for various mAs settings for 4 CT scanners.  a) GE 
Discovery STE, b) Philips Brilliance 64, c) Siemens Definition AS, and d) Siemens Sensation 64. Most texture features 
were robust across varying dose levels as well as across different CT scanners as indicated by the small variation in 
peak frequencies. 
 
 Noise power spectra as a function of spatial frequency for different kernels for all scanners 
are shown in the Figure 5-4. Note that the peak frequency gradually shifts to higher values as the 
kernel strength becomes sharper. The calculated peak frequency values for all kernels are listed in 
Table 5-4.  
67 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5-4: Measured NPS as a function of spatial frequency for 5 CT scanners. a) Siemens Sensation 64, b) Siemens 
Sensation 40, c) Siemens Definition AS, d) Philips Brilliance 64, and e) GE Discovery STE.  For each scanner, the 
peak frequency slightly shifted to the right as kernel strength changed from smooth to sharp reconstruction. The large 
shift in the peak frequency was found for the Edge kernel of the GE Discovery scanner (a PET/CT scanner). 
 
For smoother kernels, there was a slight shift in peak frequency as kernel strength varies from 
B10s to B31s for the Sensation 64 scanner or from soft to standard for the GE scanner as shown 
in Figure 5-5a. However, peak frequency increases abruptly for sharper kernels as shown in Figure 
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5-5b. In particular, the peak frequency value for GE Edge kernel was almost 4 times higher than 
that for the soft kernel. This shift of NPS curve to higher frequencies with kernel strength is due 
to the correlated noise texture in the CT image. Texture features based on GLCM are sensitive to 
this correlated noise introduced through the reconstruction process but are independent of 
correlated noise introduced through the acquisition process (i.e., mAs settings). 
 
Table 5-4: Peak frequencies for different reconstruction kernels from NPS measurements for all CT scanners. 
 
 
 
 
 
 
 
                                                        Peak frequency, fpeak (mm^-1)  
 
CT Scanners       
 
Siemens  
Definition AS 
 
I26s-2 
 
I30s-2 
 
I40s-2 
 
I44s-2 
 
I50s-2 
 
I70s-2 
0.15 0.15 0.20 0.33 0.50 0.55 
Siemens  
Sensation 64 
B10s B20s B31s B50s B60s B70s 
0.15 0.20 0.25 0.55 0.63 0.65 
Siemens 
Sensation 40 
B10s B20s B31s B50s B60s B70s 
0.15 0.20 0.23 0.55 0.60 0.73 
GE   
Discovery STE 
Soft Standard Detail Lung Edge - 
0.23 0.25 0.30 0.55 1.05  
Philips  
Brilliance 64 
Smooth(A) Standard(B) Sharp(C) Lung enh. (L) Y Sharp 
(YA) 
- 
0.20 0.23 0.25 0.43 0.55  
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Figure 5-5: Measured 3D NPS as a function of spatial frequency for a) smoother kernels b) sharper kernels for 3 CT 
scanners.  For low kernel strengths, only a slight shift in peak frequency is observed while for high kernel strengths, 
the shift in peak frequency was significant, especially for GE Edge kernel. Likewise, variability in CT texture features 
was found to be less pronounced for soft kernels than for sharper kernels. 
 
5.4.3 Peak frequency and maximum intensity corrections 
 The correction factors based on peak frequency and maximum intensity for 19 features 
from different texture feature groups are shown in Tables 5-5 and 5-6. After a thorough 
investigation of NPS peak frequencies and maximum voxel intensities from the rubber cartridge 
ROI for all kernels, we found that the square root of the peak frequency was related to the 
maximum voxel intensity as shown in Figure 5-6. Two features, GLCM-Inverse variance and 
GLCM- coarseness, were previously found to be voxel size-dependent [42]. Therefore, a 
correction factor with respect to voxel size along with peak frequency or ROI maximum intensity 
was also applied to these two features. The peak frequency and maximum intensity corrections 
(equations 5.2 and 5.3) were applied to all the features that had COV > 10% with varying kernels 
(Figure 5-1). However, the features that showed percent improvement greater than 30% were listed 
in Table 5-5 and 5-6. NGTDM-busyness and most GLSZM features, namely, large area emphasis 
(LAE), low intensity emphasis (LIE), low intensity small area emphasis (LISAE), low intensity 
large area emphasis (LILAE) and high intensity low area emphasis (HILAE) did not improve after 
corrections. 
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Table 5-5: GLCM feature definitions, NPS peak frequency and maximum intensity corrections. 
 
Feature           Original Feature Formula,  F (v, Ng, K) Corr. Feature Formula  Corr. Feature Formula  
 
Energy ∑ ∑ 𝑝(𝑖, 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
  𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ √𝑓𝑝𝑒𝑎𝑘(𝐾)     
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝐼𝑚𝑎𝑥.(𝐾) 
 
Contrast ∑ 𝑛2 {∑ ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑖=1
𝑁𝑔
𝑖=1
}
𝑁𝑔−1
𝑛=0
, |𝑖 − 𝑗| = 𝑛 
  
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
Local  
Homogeneity ∑ ∑
𝑝(𝑖, 𝑗)
1 + (𝑖 − 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
  𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ √𝑓𝑝𝑒𝑎𝑘(𝐾)     
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝐼𝑚𝑎𝑥.(𝐾) 
Difference  
Entropy − ∑ 𝑃𝑥−𝑦
𝑁𝑔−1
𝑖=0
(𝑖) 𝑙𝑜𝑔2{𝑝𝑥−𝑦(𝑖)} 
  
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
 
Sum  
Variance 
          
∑ (𝑖 +
2𝑁𝑔
𝑖=2
∑ ∑ 𝑝(𝑖, 𝑗)log (𝑝(𝑖, 𝑗))2
𝑁𝑔
𝐽
𝑁𝑔
𝑖 log {𝑝𝑥+𝑦(𝑖)}                                          
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
Inverse  
Variance 
                       ∑ ∑
𝑝(𝑖,𝑗)
|𝑖−𝑗|2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1 , 𝑖 ≠ 𝑗 𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ √𝑓𝑝𝑒𝑎𝑘(𝐾)   
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
Inverse  
Variance P ∑ ∑
𝑝(𝑖, 𝑗)
(𝑖 − 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
     𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ √𝑓𝑝𝑒𝑎𝑘(𝐾)   
 
𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝐼𝑚𝑎𝑥.(𝐾) 
Cluster  
Tendency  
 
∑ ∑[(𝑖 + 𝑗 − µ𝑥 − µ𝑦 ]
2 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
   
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
Cluster  
Prominence   ∑ ∑[(𝑖 + 𝑗 − µ𝑥 − µ𝑦 ]
4 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
 
Dissimilarity  ∑ ∑|𝑖 − 𝑗|
𝑁𝑔
𝐽=1
𝑁𝑔
𝑖=1
 𝑝(𝑖, 𝑗) 
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
Correlation                   ∑ ∑
(𝑖𝑗)𝑝(𝑖,𝑗)−µ𝑥µ𝑦
𝜎𝑥𝜎𝑦
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1  
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
 
Information 
correlation 2 
 
   √1 −  𝑒[−2.0(𝐻𝑋𝑌2−𝐻𝑋𝑌)]
2
 
 
HXY = - ∑ ∑ 𝑝(𝑖, 𝑗)log {𝑝(𝑖, 𝑗)}
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1  
HXY1 = - ∑ ∑ 𝑝(𝑖, 𝑗)log {𝑝𝑥(𝑖)𝑝𝑦(𝑗)}
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1         
HXY2 = - 
∑ ∑ 𝑝𝑥(𝑖)𝑝𝑦(𝑗)log {𝑝𝑥
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1 (𝑖)𝑝𝑦(𝑗)} 
 
 
 
𝐹 (𝑣, 𝑁𝑔, 𝐾) ∗ √𝑓𝑝𝑒𝑎𝑘(𝐾)   
 
 
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾) ∗ 𝐼𝑚𝑎𝑥.(𝐾) 
p (i, j) is the co-occurrence matrix. Ng is the number of discrete gray levels. px is the ith entry obtained by summing the rows of 
p (i, j) and py is the jth entry obtained by summing the columns of p(i, j). µ,  µ𝑥 and µ𝑦  is the mean of p (i, j) PX and Py 
respectively. 𝜎𝑥 and  𝜎𝑦 is the standard deviation of Px and Py respectively. 
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Table 5-6: GLRLM, GLSZM and NGTDM feature definitions and NPS peak frequency and maximum intensity 
corrections 
 
 
 
 Features      Original Feature  formula 
              F (v, Ng, K) 
Corr. Feature Formula  
 
Corr. Feature Formula  
 
GLRLM Features 
Low gray level run 
emphasis (LGRE) 
         
1
𝑛
∑ ∑
𝑅(𝑖,𝑗)
𝑖2
𝑁𝑔
𝐽=1
𝑀
𝑖=1   
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥
2(𝐾)
⁄  
Short run low gray 
level emphasis 
(SRLGE) 
1
𝑛
∑ ∑
𝑅(𝑖, 𝑗)
𝑖2𝑗2
𝑁𝑔
𝐽=1
𝑀
𝑖=1
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
  
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥
2(𝐾)
⁄  
Long run low gray 
level emphasis 
(LRLGE) 
1
𝑛
∑ ∑
𝑅(𝑖, 𝑗)𝑗2
𝑖2
𝑁𝑔
𝐽=1
𝑀
𝑖=1
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥
2(𝐾)
⁄  
 GLSZM Features 
 
Small-area emphasis 
(SAE) 
    
            
1
𝛺
∑ ∑
𝑧(𝑖,𝑗)
𝑗2
𝑛
𝑗=1
𝑚
𝑖=1  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
[𝑓𝑝𝑒𝑎𝑘(𝐾)]2
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥
4(𝐾)
⁄  
High-intensity 
small-area emphasis 
(HISAE) 
1
𝛺
∑ ∑ 𝑖2, 𝑗2𝑛𝑗=1
𝑚
𝑖=1 , 𝑧(𝑖, 𝑗)     
𝐹(𝑣, 𝑁𝑔, 𝐾)
[𝑓𝑝𝑒𝑎𝑘(𝐾)]2
⁄   
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥
4(𝐾)
⁄  
Size Zone 
Variability (SZV) 
1
𝛺
∑[∑
𝑧(𝑖, 𝑗)
𝑖2
]2
𝑛
𝑗=1
𝑚
𝑖=1
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
NGTDM Feature 
 
     
Coarseness 
                              
(Ɛ + ∑ 𝑝𝑖
𝑁ℎ
𝑖=0
𝑀(𝑖))
−1
 
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
√𝑓𝑝𝑒𝑎𝑘(𝐾)
⁄  
 
𝐹(𝑣, 𝑁𝑔, 𝐾)
𝐼𝑚𝑎𝑥.(𝐾)
⁄  
GLRLM: R(i, j) is the (i, j)th entry in the given run-length matrix and Ng is the number of discrete gray levels in 
the image. M is the longest run and n is the total number of runs.  
GLSZM: In size zone matrix z (i, j) rows i indicate grey levels and columns indicating zone sizes. Ng is the number 
of grey levels and the largest zone size is indicated by m. Ω is the total number of unique connected zones. 
NGTDM:  Pi is the probability of occurrence of voxel of intensity i and M (i) is the NGTDM value of intensity i. 
Nh is the highest gray level value present in the ROI. 
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Two texture features, GLCM-Energy and GLCM-Contrast, as a function of kernel strength for 
different scanners are shown in Figure 5-7. Without peak frequency corrections, both features were 
highly correlated with kernel strength but after applying peak frequency corrections, both features 
values were more reproducible with kernel strength. Similar to NPS peak frequency, maximum 
voxel intensity within an ROI was independent of radiation dose but dependent on kernel strength. 
GLCM-Difference entropy and NGTDM-Coarseness after maximum intensity corrections were 
nearly independent of kernel strength as shown in the Figure 5-8. 
 
 
Figure 5-6: Relationship between NPS peak frequency (orange bars) and maximum voxel intensity (blue bars) as a 
function of kernel strength for 4 scanners.  Peak frequency and maximum intensity are linearly related with each other 
for the GE Discovery STE scanner. The change in both frequency and intensity was less pronounced with kernel 
strength for the Philips 64 scanner which explains why more features were robust for this scanner.  Peak frequency 
changed more abruptly for the Siemens scanners especially for sharper kernels. 
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Figure 5-7: GLCM-Contrast and GLCM-Energy, computed from original and corrected definitions, as a function of 
kernel strength and different scanners.  Corrected feature values are shown by the box plot. Middle, lower and upper 
lines in the box indicate median, first quartile and third quartile, respectively. Without correction, both (a) GLCM-
Contrast and b) GLCM-Energy showed dependence on kernel strength but after NPS peak frequency corrections, both 
features were much less dependent on kernel strength. 
 
 
 
Figure 5-8: GLCM-Difference Entropy and NGTDM-Coarseness, computed from original and corrected feature 
definitions, as a function of kernel strength and different scanners.  Corrected feature values are shown by box plots. 
Middle, lower and upper lines of the boxes indicate median, first quartile and third quartile, respectively. Without 
correction, both (a) GLCM-Difference Entropy and b) NGTDM-Coarseness showed dependence on kernel strength 
but after correction by maximum voxel intensity, the features are much less dependent of kernel strength.  
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 The calculated %COV values for original and frequency corrected features and the 
corresponding percent improvements for 19 texture features are shown in Figure 5-9. The largest 
improvement, 64% according to equation 5.2 (m = -1/2), was for GLCM-contrast. Most of the 
GLCM features had COV greater than 20% before correction, however, after corrections % COV 
values were within 20% range (Figure 5-9a). Initial %COV values for some GLSZM and GLRLM 
features (Figure 5-9c) were relatively higher %COV > 100 as compared to GLCM features but 
after applying correction factors, variability range was within 45%. GLCM-Cluster prominence 
and NGTDM-coarseness were the least improved as improvement percentage was about 30% for 
these features. 
 Figure 5-10 shows the percentage improvement in 19 texture features as a result of 
maximum intensity corrections. The largest improvement was for GLCM-Difference entropy with 
a percentage improvement of 78%. The second most improved feature was NGTDM-Coarseness 
with a percentage improvement of 72%. After corrections, both GLCM-Difference entropy and 
NGTDM-Coarseness became robust with kernel strength as both had %COV values less than 10%. 
The least improvement as a result of intensity corrections was found in Size Zone Variability 
(SZV) from the GLSZM group. Similar results were obtained for the 19 texture features extracted 
from the bigger sized ROI’s of volume 14.2 cm3 following NPS peak frequency and ROI maximum 
intensity corrections. 
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Figure 5-9: Peak frequency corrections for 19 texture features. Panel a) and c) show the absolute value of %COV for 
all reconstruction kernels before (blue bars) and after (green bars) peak frequency corrections. Panel b) and d) show 
corresponding percent improvement (equation 5.4) in each feature as a result of the corrections. GLCM-Contrast 
showed the highest improvement whereas GLCM-Cluster prominence showed the least improvement in 
reproducibility after corrections. 
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Figure 5-10: Maximum intensity corrections for 19 texture features. Panel a) and c) shows the absolute value of %COV 
for all reconstructions kernels before (blue) and after (green) maximum intensity corrections. Panel b) and d) shows 
corresponding percent improvement in each feature as a result of corrections. Difference Entropy from GLCM and 
Coarseness from NGTDM showed highest percent improvement of 78% and 72% respectively. Size Zone Variability 
(SZV) from GLSZM showed least improvement in reproducibility after corrections. 
 
5.5 Discussion  
Extraction and analysis of imaging features from medical images to be used as imaging 
biomarkers is currently an active area of research. However, before features can be used for 
medical applications, they must be found robust to common conditions and variables such as 
acquisition and reconstruction parameters. For example, some radiomic features such as Intensity-
Energy, GLRLM-GLNU, GLRLM-RLNU, and NGTDM-coarseness were suggested potential 
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imaging biomarkers in recent radiomics research [3, 37, 38, 48]; however, these features were 
recently found to be dependent on voxel size [42]. Therefore, it is important to evaluate feature 
robustness for common imaging parameters and devise methods to reduce or eliminate feature 
variability. In this study, we investigated the variability of 88 radiomic features due to changes in 
radiation dose (mAs), Pitch, and reconstruction kernel across different CT scanners from 3 
manufacturers. In particular, we evaluated the variability in texture features due to reconstruction 
kernels and dose using NPS measurements. In our analysis, we derived correction factors for 19 
texture features to reduce their variability with respect to kernel strength, one of the most 
frequently varied parameters in computed tomography.  
The intra-scanner variability in CT features due to Pitch and dose was significantly less as 
compared to the variability due to reconstruction kernels. Except for most of the GLSZM features, 
and the NGTDM-busyness feature, 80-90% of the features studied were robust to Pitch and mAs 
variations (Figure 5-1). However, 30-50% of the features had variability greater than 20% (%COV 
> 20) for changes in kernel strength depending on the particular CT scanner used (Figure 5-1). We 
found that some texture features were almost independent of dose and Pitch variations, however 
strongly dependent on reconstruction kernel (Figure 5-2) for all CT scanners. The dependence on 
kernel strength suggests that features were strongly affected by the image reconstruction process 
(kernels) and less by the image acquisition process (radiation dose and pitch). Both reconstruction 
kernels and tube current produced correlated noise texture in CT images, however, the spatial 
frequency distribution in CT images was significantly more affected by the choice of the 
reconstruction kernel. 
The peak frequency of the NPS was nearly independent of radiation dose variation and 
slightly dependent on scanner variation (Figure 5-3). This is in agreement with an earlier report by 
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Ke Li et al. [63]. In contrast, the choice of reconstruction kernel did shift peak frequencies 
significantly (Figure 5-4). The shift in peak frequency was less pronounced for softer kernels and 
more pronounced for sharper kernels (Figure 5-5). These results were in agreement with earlier 
study for sharper kernels for GE and Siemens scanners by Solomon et al. [68]. NPS analysis for a 
Philips scanner for different dose and kernel settings were reported for the first time in this work 
as far as we know. Tube current variation did not change the spatial frequency distribution or 
correlated noise texture. However, the purpose of most reconstruction kernels is to render images 
with a certain level of smoothness or sharpness; consequently kernels change the spatial frequency 
characteristics of the final CT images. Sharper kernels preserve higher spatial frequencies 
producing more high contrast resolution and consequently render more noise to the images. In 
contrast, smoother kernels use low pass filters to block high frequencies to provide better low 
contrast resolution and lower noise. This is why we have used the peak spatial frequency as a 
metric to quantify the level of noise introduced by kernels.  
The variability in texture features was greatly affected by reconstruction kernels as shown 
in Figure 5-7 for GLCM-contrast and GLCM-energy. Since these features measure a texture 
characteristic, they were significantly affected by the correlated noise introduced during 
reconstruction process as demonstrated by the shift in peak spatial frequency of NPS 
measurements. Importantly, in addition to measuring useful information, texture features also 
quantify the noise texture of CT images. In other studies, some texture features were also found to 
be affected by the addition of uncorrelated Gaussian noise as reported by Oliver et al. [70] for 
PET/CT images of lung cancer. In addition, Hassan et al. [71] reported that radiomic features were 
impacted by high-pass filtering but were robust to low-power Gaussian noise. These finding agree 
with ours and lead us to investigate the use of the peak frequency as a correction factor so that 
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texture features can be made more robust with kernel choice. Indeed, our corrected texture features 
became more reproducible as a function of kernel strength as shown by the box plot in Figure 5-7 
for GLCM-Energy and GLCM-Contrast. Kernel strength was also correlated with the maximum 
voxel intensity of the ROI. As kernels strength varied from smoother to sharper, the maximum 
image intensity value in within the ROI varied accordingly. As with NPS peak frequency, it was 
found to be almost independent of dose. 
The characterization of the robustness of texture features for different kernels is important 
for advancing the emerging field of CT Radiomics. This characterization resulted in the 
identification of correction factors that may be useful in clinical applications; for example, in the 
analysis of images coming from different institution using different scanners and acquisition and 
image reconstruction protocols. We formulated correction factors for 19 features with respect to 
peak frequency and maximum intensity as listed in Table 5-5 and 5-6. These factors improved the 
features by reducing the variations introduced by reconstruction kernels. The highest improvement 
was observed in GLCM-contrast and GLCM-energy for frequency based correction. GLCM-
Contrast and GLCM-Energy also reflects inherent CT noise, which was accounted for, by the 
application of the correction factors based on NPS peak frequency. The highest improvement was 
found for GLCM-Difference entropy and NGTDM-coarseness after maximum intensity 
corrections. We posit that the peak frequency from NPS measurements reflects the noise texture 
introduced by different kernels while the maximum intensity reflects the change in image intensity 
values produced by different kernels.  
The identification of correction factors for features that showed variability with imaging 
parameters will help reduce such variability. For example, NGTDM-coarseness and GLCM-
Inverse-variance were found to be dependent on kernel strength in this study and dependent on 
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voxel size in our previous report [42]. Therefore, two correction factors can be applied to these 
features. Nevertheless, it must be kept in mind that robustness of a feature to acquisition and 
reconstruction parameters does not necessarily means that feature will be an useful imaging 
biomarker.  
5.6 Conclusions 
 The principal conclusion from this work is that second order texture features are strongly 
affected by a CT image’s underlying noise texture produced by the reconstruction kernel used in 
image formation. We showed that by measuring the noise power spectrum (NPS) of a scanner in 
a standard phantom for a given set of acquisition and reconstruction parameters, the noise texture 
can be characterized by the peak spatial frequency of the NPS.  Likewise, we also showed that the 
maximum intensity inside an ROI is related to the noise level of the image. Furthermore, both of 
these parameters, namely the NPS peak frequency and the ROI’s maximum intensity, can be used 
as correction factors to reduce the variability in texture features due to the noise introduced by 
reconstruction kernels. These findings reinforced previous calls for efforts towards standardization 
of radiomics processes [14, 16] and warrant more studies on what exactly radiomics features 
measure and how they are impacted by physical and clinical variables. 
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6 IMPACT OF X-RAY BEAM QUALITY ON CT RADIOMIC FEATURES ACROSS 
MULTIPLE SCANNERS 
6.1 Purpose 
X-ray tube voltage (kVp, i.e., quality or energy) is one of the CT acquisition parameters 
commonly varied in CT imaging. In this chapter, the goal is to evaluate the impact of kVp on CT 
radiomic features using cylindrical texture inserts. Using heterogeneous inserts, features extracted 
from ROIs located at center and periphery of a commonly used CT phantom were compared. 
6.2 Background 
Quantifying tumor heterogeneity with CT by using texture analysis holds promising 
prospects for diagnosis, staging and treatment decisions [72]. The assessment of variability in 
global radiomic features due to CT parameters was reported using CCR phantom [14]. However, 
individual cartridges in CCR phantom were limited in heterogeneity and high order features 
extracted from these cartridges might not represent the range of actual CT features. This 
necessitates the fabrication of heterogeneous phantom cartridge incorporating multiple materials 
that would be appropriate to produce local variability in feature values [14]. Second and higher 
order features would be best investigated by employing a phantom cartridge with multiple 
materials.  
To address this issue, individual cylindrical inserts in conjunction with existing quality 
control phantoms can be fabricated using 3D printed technology. In recent studies, 3D printed 
textured phantoms were fabricated for the task based assessment of image quality in CT and other 
imaging modalities [65, 73-75]. Another study employed 3D printer technology to fabricate 
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variable density phantoms for quality assurance purpose in radiotherapy [76]. Solomon et al. 
demonstrated the usefulness of textured phantom fabricated by 3D printer by assessing the noise 
properties of two reconstruction kernels [77]. The use of 3D printed technology in CT radiomics 
is rare but likely to grow because textured phantoms are best suited to investigate the robustness 
of radiomic features due to imaging parameters in CT as well as other imaging modalities. These 
3D printed texture based phantoms can also be utilized for generating perspective radiomic scan 
data. Moreover, heterogeneous phantom inserts can be customized to suite the feature variability 
range needed for individual human cancers.  
Tube voltage is a typical CT acquisition parameter that can impact radiomic features. A 
phantom study demonstrated that measured CT numbers were kVp and scanner dependent [78, 
79]. A simulated study [80] assuming mono-energetic X-ray beam showed that radiomic features 
were not significantly affected by kVp, however, X-ray beam is poly-energetic and can have huge 
impact on features due to change of tube voltage. Impact of tube voltage on features across 
different CT manufactures is also not known. Different scanners use different filtration, therefore, 
it’s worth finding out how this parameter affects radiomic features. A recent study highlighted the 
quantitative variations of CT numbers in lung density measures due to dependence on scanner X-
ray spectrum and filtration [81].  
Another question in CT radiomics is that whether feature values extracted from the central 
ROI of the CT image will be similar as extracted from ROI in the periphery of the same image. As 
it might be possible that CT reconstruction in center might be different from the reconstruction in 
the periphery due to different photon statistics. Moreover, whether or not this variability in feature 
values as function of radial distance is scanner or manufacturer dependent. These questions need 
further investigation and can be evaluated using 3D printed heterogeneous inserts. 
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6.3 Methods  
6.3.1 Textured cylindrical inserts  
 For this study, cylindrical texture plugs were designed for Gammex 467 model (Figure 6-
1), using 3D printing technology. These texture cylindrical inserts were modeled using a software 
‘SketchUp’ and fabricated using a 3D printer (FlashForge Creator Pro, FlashForge, USA). Each 
insert was 28 mm in diameter by 70 mm in length to exactly match the dimensions of existing 
G467 phantom inserts (Figure 6-2). Heterogeneity within the inserts was achieved by creating 
patterns and/or voids. The heterogeneous (composite) insert (Figure 6-2b) consists of three 1cm 
diameter circular holes, one 2mm diameter hole in center and one polygon type pattern in the one 
corner of the insert. Each void was later filled with various materials such as shredded rubber (0.93 
g/cm3), sycamore wood (0.54 g/cm3), and airsoft balls (variable densities). Rubber texture insert 
was obtained by pressing the shredded rubber particles and then placing these compressed particles 
in a cylinder. For a natural and directional texture, an insert was prepared using the sycamore 
wood. CT scans of textured inserts, inserted in G467 phantom, were acquired using 4 different 
scanners from three major manufacturers (Siemens Healthcare, Philips Healthcare and GE 
Healthcare). An advanced imaging software package (Mirada RTx 1.6, Mirada Medical, Oxford, 
UK) was used for contouring purposes. The Spherical ROIs of volume 4.2 cm3 were contoured 
within texture inserts for characterizing the inserts. The range, mean, and standard deviation of 
HUs within the inserts were extracted from ROIs. 
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Figure 6-1: Tissue characterization phantom -Gammex 467 
 
 
  
 
 
 
 
 
 
 
 
Figure 6-2: Cylindrical texture inserts for tissue characterization phantom (Gammex-467) a) Heterogeneous insert 
(composite) with multiple voids b) heterogeneous texture insert filled with multiple material c) sycamore wood insert 
d) shredded rubber insert. 
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6.3.2 Tube voltage (kVp)  
 Three texture inserts made of shredded rubber, sycamore wood, and a composite of rubber, 
wood and airsoft balls (i.e., heterogeneous) were used in conjunction with a Gammex 467 phantom 
(G467). Scans of the inserts within the G467 phantom were acquired on 4 different CT scanners 
from three major manufacturers. The kVp settings of 80, 100, 120 and 140 were used while 
keeping all other parameters constant. The details of scanning parameters for all 4 scanners are 
listed in the Table 6.1. 
6.3.3 Radial location  
 The heterogeneous (composite) inserts were used to investigate the impact of radial 
location within phantom on CT radiomic features. CT scans of two identical 3D printed cylindrical 
textured inserts within a G467 phantom were acquired using GE Discovery STE, Philips Brilliance 
64, Siemens Sensation 64, and Siemens Definition AS scanners. X-ray tube voltage of 120 kVp 
was used and all other CT parameters are listed in Table 6.1. The phantom was aligned such that 
one insert was positioned along the longitudinal axis of the scanner and another at the periphery 
of the G467. The periphery position of the insert was changed to different angles from 45 to 360⸰ 
for 4 scans per scanner. 
 
6.3.4 Feature Extraction and analysis  
 A spherical ROI was contoured on the images of the textured inserts. Radiomic features 
were extracted using an in-house program. Feature categories were: Shape (11), Intensity (16), 
GLCM (26), GLSZM (11), GLRLM (11), and NGTDM (5) for a total of 80 features. The absolute 
value of %COV was calculated for all features to evaluate the variability in CT features due to X-
ray beam quality. The variability (%COV) results were classified in three groups: very small 
%COV< 10, intermediate 10 ≤ %COV ≤ 20 and large (COV > 20%) variability. To assess the 
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impact of radial location, the absolute value of average percent difference (%Diff.) between center 
and periphery was calculated for all features. % Diff. results were arbitrarily classified into three 
groups: negligible %Diff. < 10, small 10 ≤ %Diff ≤ 20 and large %Diff. > 20 differences. 
 
Table 6-1: CT Parameters for various CT scanners for varying X-ray beam energy. 
 
6.4 Results 
6.4.1 Cylindrical Texture Inserts 
Figure 6-3 shows the CT scan of two heterogonous inserts with visible texture of different 
fill materials including rubber, sycamore and airsoft balls. Heterogeneous inserts with multiple fill 
materials had HU range of -960 to 240. The mean and standard deviation of HU for these inserts 
were -468 and 180 respectively. Insert with compressed rubber particles had mean and S.D. of -66 
and 83 respectively. The mean and range of HU values of these rubber-filled inserts were similar 
to those from NSCLC tumors. Mean and S.D of sycamore texture insert were -476 and 46 
respectively.  
   
 
  
 
CT Scanner 
  
mAs 
Recon. 
FOV 
(mm) 
Recon. 
kernel 
Scan 
Type 
Slice 
thickness, 
Recon. 
interval 
Detector  
Configuration 
(mm) 
X-ray beam 
energy (kVp) 
(Variable) 
GE 
Discovery 
STE  
 250 250 Standard Helical 1.25 mm, 
Adjacent  
Det. 
Coverage= 40 
80, 100, 120, 
140 
Philips 
Brilliance 64  
 250 250 Standard-B Helical 1.5 mm, 
Adjacent 
64 x 0.625 80, 120, 140 
Siemens 
Definition 
AS  
 250 250   I31s-2 Helical 1.5 mm, 
Adjacent 
64 x 0.6 80, 100, 120, 
140 
Siemens 
Sensation 64  
 250 250   B31s Helical 1.5 mm, 
Adjacent 
64 x 0.6 80, 100, 120, 
140 
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Figure 6-3: Transverse CT image acquired with GE Discovery STE scanner indicating two heterogeneous texture 
inserts. 
 
6.4.2 Variability due to X-ray beam quality 
The variability in CT features with respect to kVp for three inserts for all scanners is shown 
in Figure 6-4. More than 70% of the features had %COV < 20% for rubber and heterogeneous 
inserts across all scanners (Figure 6-5a, 6-5b). Most of the texture features and 40% of all features 
had large variability (%COV > 20%) for wood insert across all scanners (Figure 6-5c). The reason 
is that range and SD of HU values for wood insert is less compared to rubber and composite inserts. 
The GE Discovery PET/CT had the highest variability where more than 50% of all features had 
COV > 20% for wood insert. 
  The variability ranges with respect to kVp for different feature groups for composite insert 
are shown in the Figure 6-6. Shape features were the most robust as expected. Intensity and GLCM 
feature groups were second and third in robustness, with 80% and 70%, respectively, of all features 
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with %COV ≤ 20%. Intensity-skewness and Intensity-kurtosis were sensitive to kVp across all 
scanners. The variability in GLRLM features was scanner dependent. Most GLSZM features and 
NGTDM-busyness were sensitive to kVp across all scanners. 
6.4.3 Variability due to radial location 
The variability in CT features due to location of texture insert within the phantom is shown 
in Figure 6-6. A similar inter-scanner trend for location was observed for 4 scanners. More than 
seventy percent of the total features had variability (%Diff. < 20%) across all scanners. Most 
GLSZM features and NGTDM-busyness had large differences (%Diff. > 20). High intensity 
emphasis is the only feature in GLSZM feature group that was not affected by the radial location 
for all CT scanners.  
Group-wise variability in CT features due to location of insert within the phantom is shown 
in Figure 6-7. As with kVp and other CT imaging parameters, Shape features were the most robust. 
The intensity features were ranked second in robustness where more than 80 percent of the total 
features had percent differences less than 20%. GLCM feature group were ranked third in 
robustness where 75% of the total features had differences less than 20%. More than 50% of the 
total features were reproducible in case of GLRLM features. Most GLSZM features and Busyness 
from NGTDM are sensitive to radial location and showed %Diff greater than 20%. 
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Figure 6-4: Variability in features due to kVp across multiple scanners for a) heterogeneous insert b) rubber insert c) 
wood insert.  More than 70 % of the features had COV < 20% for rubber and heterogeneous inserts across all 
scanners. Most of the texture features and 40% of the all features had large variability (%COV > 20%) for wood 
insert across all scanners. Discovery STE has the highest variability where more than 50% of the total features had 
COV> 20% for wood insert. 
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Figure 6-5: Variability ranges for different radiomic feature groups for a) Definition AS b) Sensation 64 c) Brilliance 
64 and d) Discovery STE.  As expected, Shape feature group is most robust. Intensity features and GLCM were second 
and third in terms of robustness where more than 80% features had variability less than 20%. The GLRLM features 
have the highest variability with 64 to 81% of total features had COV greater than 20%. 
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Figure 6-6: The variability in CT features due to the location of insert within the phantom.  The average percent 
difference (% Diff.) is calculated for total 80 CT features using composite insert for 4 CT scanners. Seventy five 
percent of all features were reproducible (%Diff. < 20) across all scanners. Most GLSZM features and some NGTDM 
features have % Diff. greater than 20%.  
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Figure 6-7: Group-wise variability in radiomic features due to the location within phantom using composite insert for 
a) Definition AS b) Sensation 64 c) Brilliance 64, and d) Discovery STE. Features based on Shape, Intensity histogram 
and GLCM groups are relatively stable due to ROI location. GLSZM feature group showed the most variability due 
to ROI location where 63 to 80% of the features had %Diff. greater than 20, depending on the scanner. 
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6.5 Conclusions  
The cylindrical texture inserts were successfully 3D-printed for Gammex-467 phantom for 
the quality assurance of CT radiomics features. The heterogeneous insert had HU values similar 
to lung tumors, and in conjunction with G467 phantom can be used for quality assurance of clinical 
trials. These inserts are light, small, and easy to reproduce and distribute in mass quantities. These 
heterogeneous inserts can be customized to mimic the HU characteristics of solid tumors. 
Overall, radiomic features were more sensitive to kVp when using a wood insert as 
compared to heterogeneous and rubber insert (Figure 6-4). The reason might be that the range and 
S.D of HU values for a wood insert is smaller as compared to that of rubber and heterogeneous 
insert. All Shape and most GLCM features are robust to X-ray beam quality. This trend is observed 
for four CT scanners from three major manufactures. GLCM-skewness and GLCM-kurtosis were 
sensitive to kVp across all scanners. Most GLSZM features and NGTDM-busyness were sensitive 
to kVp across all scanners. 
More than 70 percent of the total radiomic features were reproducible with changing the 
location of ROI within the phantom image for all scanners. However, 35-50% of the texture 
features were sensitive (%Diff. > 20) to the location, depending on the scanner. This might be due 
to the correlated noise, intrinsic to image reconstruction. The quantification of correlated noise 
texture as function of radial distance from center to periphery might help to understand why texture 
features were sensitive to the position of the ROI.  
 
 
 
 
 
94 
 
 
 
7 CONCLUSIONS AND FUTURE DIRECTIONS 
7.1 Conclusions  
Radiomics treats images as quantitative data. The data can be used with existing qualitative 
measures to enhance cancer prediction in diagnostic radiology and response assessment in 
oncology. Computed Tomography (CT) is a powerful non-invasive modality that is routinely used 
in clinics for cancer staging, prediction, and treatment planning purposes. CT images are typically 
acquired with a number of image acquisition and reconstruction parameters. Many radiomic 
features have shown large variability with respect to these parameters. The robustness of radiomic 
features with these parameters is not well established. The robustness of a certain radiomic feature 
with imaging parameters is the first step before using it as a future imaging or therapy biomarker. 
Otherwise, any variability due to these parameters will affect the final predictive modeling in 
radiomic analysis. In this work, texture phantoms were used to characterize the radiomic features 
with respect to image acquisition and reconstruction parameters. Texture phantoms provide a 
stable physical medium to investigate the robustness of radiomic features with respect to imaging 
parameters. In this project, normalization methods were developed to reduce or eliminate the 
variability in radiomic features due to voxel size, gray level discretization, and reconstruction 
kernels.  
Voxel size resampling was presented as an effective pre-processing step for CT data sets 
acquired with variable voxel sizes. With the exception of a few, most radiomic features became 
robust after the resampling of the data sets to a nominal voxel size. A voxel size normalization 
method was presented in this work to remove the intrinsic dependence of 10 features. Without 
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normalization, these features predominantly convey information related to the volume of the ROI, 
and not to texture or other inter-voxel relationships. The normalization factors were developed to 
reduce or eliminate the intrinsic dependence of texture features on number of gray levels. The 
feature definitions were re-defined to include number of gray levels. After normalization, 17 
texture features became robust as function of number of gray levels. Intrinsic dependence of 
radiomic features on voxel size and number of gray level was tested on lung cancer tumors. These 
normalization factors were found to be equally applicable to lung cancer tumors.  
Another major problem in radiomics is that second order texture features are sensitive to 
reconstruction kernels in CT imaging. In this project, the problem was solved by measuring the 
correlated noise texture introduced due to tube current and reconstruction kernels with the noise 
power spectrum. The noise power spectrum is an established metric to deal with frequency 
dependent noise in diagnostic radiology. The noise texture can be characterized by the peak spatial 
frequency of the NPS. Likewise, the maximum intensity inside an ROI was found to be related to 
the noise level of the image. In this work, both of these parameters, namely, the NPS peak 
frequency and the ROI’s maximum intensity, were used as correction factors to reduce the 
variability in CT radiomic features introduced by the reconstruction kernels. The percentage 
improvement in robustness of 19 texture features were in in the range of 30% to 78% after the 
corrections. 
As part of this project, cylindrical texture inserts in conjunction with Gammex 467 
phantom were fabricated using 3D printing. These inserts were light and easy to use for quality 
assurance of radiomic features. Using these inserts, the impact of X-ray beam quality and radial 
location inside a QA phantom on radiomic features was investigated. The variability in CT texture 
features was more pronounced for the wood insert than the rubber or composite inserts across all 
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scanners. Most GLSZM features and NGTDM-busyness were sensitive to kVp for all inserts 
across all scanners. Except GLSZM, most radiomic features were robust to the location of the 
insert within the phantom across all scanners.  
In conclusion, this work established the significance of phantoms in CT radiomics. Some 
features such as GLRLM-GLNU, GLRLN-RLNU, NGTDM-coarseness, Intensity-entropy, and 
Intensity-energy were suggested prognostic features in recent radiomics literature. However, all 
these features were found to be dependent on voxel size. Likewise, most texture features were 
sensitive to correlated noise inherent in CT image reconstruction. Therefore, variability problems 
in CT radiomics were identified using a texture phantom and an ACR phantom. Therefore, 
phantom studies should be prerequisite to patients based radiomic analysis.  
7.2 Future Directions  
In this work, radiomic features are investigated as a function of certain CT parameter. Then, 
a mathematical relationship was developed between that CT parameter and the numerical value of 
the particular feature. However, it is possible that certain radiomic feature may depend on more 
than one imaging parameter. For example, Inverse Variance based on GLCM depends on both 
voxel size and reconstruction kernel [42, 82]. In this case, a composite corrective factor would be 
needed to remove the dependence of this feature on voxel size as well as reconstruction kernel. 
Likewise, GLRLM-GLNU, GLCM-Mean and NGTDM-Texture strength are sensitive to voxel 
size and gray level discretization [42]. A composite correction factor could remove dependence on 
both parameters. This strategy could be applied to more than two parameters and should be 
investigated in a future study. 
Another future direction is to measure the correlated noise texture for CT imaging 
parameters such as pixel size and reconstructed slice thickness. Since most texture features 
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describe spatial relationship between neighboring voxels, it might be possible that texture features 
are sensitive to correlated noise due to reconstructed slice thickness. Thinner slices produce high 
contrast resolution but at the expense of more noise in the reconstructed image. Thicker slices 
produce better low contrast resolution but lower noise. As many texture features are sensitive to 
fluctuation of image densities, therefore, thinner slices may disturb texture features [12]. 
Therefore, the best technique would be to quantify this noise texture using NPS at various slice 
thickness settings across multiple scanners from different vendors. 
Similarly, noise texture due to pixel size variation could be another source of variability in 
second order texture features. Pixel size (=FOV/Matrix size) might be related to the noise texture 
in the reconstructed CT image. For same slice thickness and matrix size, CT images reconstructed 
with relatively bigger FOV would have larger pixel size, better low contrast resolution and less 
noise. However, images reconstructed with smaller pixel size would have better spatial resolution 
but at expense of more noise. Therefore, variation in pixel size can contribute to noise texture and 
affect the numerical values of second order texture features.  
Hence, all reconstruction parameters in CT imaging contribute to noise texture. As we 
know, texture features are sensitive to noise texture [82]. In future, problem should be solved using 
a step-wise approach: (1) calculate feature variability due to each parameter using a texture 
phantom, (2) quantify noise texture by measuring NPS using an ACR phantom, (3) correlate 
feature variability with NPS or other possible metrics, and finally, determine a collective correction 
factor for each texture feature due to all parameters.  
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APPENDIX A:  SUPLEMENTARY TABLES 
Table A 1: Acronyms used in this project. 
Acronyms/ Definitions Description 
V Volume of ROI 
A Surface area of ROI 
Surf/Volume Surface area/volume 
Short Shortest ROI diameter  
Long Longest ROI diameter 
Sph. disprop. Spherical disproportion  
MinI  Minimum Intensity value in the ROI 
MaxI Maximum Intensity value in the ROI 
RMS Square root of the sum of the squares of the voxel intensities 
TGV  Total summed intensity 
Info. Correlation1 Information Correlation 1 
Info. Correllation2 Information Correlation 2 
Inverse diff. moment Inverse Difference moment 
SRE Short run emphasis 
LRE  Long run emphasis 
LGRE  Low gray level run emphasis 
HGRE High gray level run emphasis 
SRLGE Short runs and low gray-level emphasis 
LRLGE Long runs and low gray-level emphasis 
SRHGE Short runs high gray level emphasis 
LRHGE Long run high gray level emphasis 
RLNU Run length non-uniformity 
GLNU Gray level non-uniformity 
RPC Run percentage 
SAE Small-area emphasis 
LAE Large-area emphasis 
LIE Low-intensity emphasis 
HIE  High-intensity emphasis 
LISAE Low intensity small area emphasis 
HILAE High intensity large area emphasis 
IV Intensity variability 
ZP Zone percentage 
SZV Size-zone variability  
Fractal Fractal dimensions 
SD lac Standard deviation lacunarity 
Mean Lac Mean lacunarity  
NGTDM Neighborhood gray tone difference matrix 
GLSZM Gray level size zone matrix 
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Table A 2: Shape and Intensity histogram features 
 
 
 
 
 
 
Feature                                       Mathematical Formula 
Shape features 
 
Sphericity  
 
(√𝜋  
3
∗ √6𝑉2
3
)/𝐴 
 
compactness 
𝑉
(√𝜋 ∗ √𝐴2
3
)⁄
 
 
               Spherical disproportion  
       
                                           
𝐴
4√𝜋
  * √(
3𝑉
4𝜋
)
23
 
 
                Eccentricity                                                 1  -  √
𝑏2
𝑎2
  
Intensity Histogram features 
 
              Standard Deviation (SD)                                   √
1
𝐺
∑ ( 𝐼(𝑣) − 𝐼𝑚𝑒𝑎𝑛)2
𝐺
𝑣=1  
               Skewness                                    
1
𝐺
∑ ( 𝐼(𝑣) − 𝐼𝑚𝑒𝑎𝑛)
3𝐺
𝑣=1 / 𝑆𝐷
3 
        
Kurtosis 
 
                              
1
𝐺
∑ ( 𝐼(𝑣) − 𝐼𝑚𝑒𝑎𝑛)
4𝐺
𝑣=1 / 𝑆𝐷
4 
  
Coefficient of variation 
 
                                                    𝜎 µ⁄  
 
Root mean square (RMS) 
 
                                       √∑ 𝐼(𝑣)2𝐺𝑣=1  
                Local homogeneity  
                 ∑ ∑ ∑
𝑇(𝑥,𝑦,𝑧)
(1+ 𝑖2+𝑗2+𝑘2−𝑖𝑘−𝑗𝑘−𝑖𝑗)
𝑀
𝑘
𝐿
𝑗
𝐾
𝑖  
                Histogram entropy 
   - ∑ 𝑇(𝑖) log ( 
𝑇(𝑖)
𝑤(𝑖)
𝑁𝑔
𝑖=1  ) 
                 Uniformity  ∑ 𝑇(𝑖)2𝑁𝑔𝑖=1  
Where A is the surface area, V be the volume of ROI. ‘a’is the semi-major axis and ‘b’ is the semi-minor axis.  T (x, y, z) 
is the normalized value obtained from each voxel. T (i) is the probability of the occurrence of the grey-level i and w (i) is 
the width of ith bin of the histogram. Ng is the number of discrete intensity (gray) levels, I(v) is the intensity of a voxel, 
Imean is the mean intensity in a ROI and G is the total number of voxels in a ROI.  
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Table A 3: GLCM features 
p (i, j) is the co-occurrence matrix. Ng is the number of discrete gray levels. px is the ith entry obtained by summing the rows of p 
(i, j), py is the jth entry obtained by summing the columns of p(i, j). µ,  µ𝑥 and µ𝑦  is the mean of p (i, j) PX and Py respectively. 𝜎𝑥 
and  𝜎𝑦 is the standard deviation of Px and Py respectively. 
 
 
Feature                                                  Feature Formula 
 
           Energy ∑ ∑ 𝑝(𝑖, 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
           Homogeneity 
                             ∑ ∑
𝑝(𝑖,𝑗)
1+|𝑖−𝑗|
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1  
 
           Local Homogeneity ∑ ∑
𝑝(𝑖, 𝑗)
1 + (𝑖 − 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
 Inverse difference Moment                                                        
∑ ∑
𝑝(𝑖,𝑗)
1+(𝑖−𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1  
           
        Correlation ∑ ∑
(𝑖𝑗)𝑝(𝑖, 𝑗) − µ𝑥µ𝑦
𝜎𝑥𝜎𝑦
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
                     
         Variance ∑ ∑(𝑖 − µ)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 𝑝(𝑖, 𝑗) + (𝑗 − µ)2 𝑝(𝑖, 𝑗)          
        
        Inverse Variance P ∑ ∑
𝑝(𝑖, 𝑗)
(𝑖 − 𝑗)2
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
  
        Cluster Tendency  
 
∑ ∑[(𝑖 + 𝑗 − µ𝑥 − µ𝑦 ]
2 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
         Autocorrelation ∑ ∑ 𝑖𝑗𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
         Cluster Prominence ∑ ∑[(𝑖 + 𝑗 − µ𝑥 − µ𝑦 ]
4 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
         
           Inverse difference ∑ ∑
𝑝(𝑖, 𝑗)
1 + |𝑖 − 𝑗|
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1
 
 
 
Information correlation 1 
HXY = - ∑ ∑ 𝑝(𝑖, 𝑗)log {𝑝(𝑖, 𝑗)}𝑁𝑔𝑗=1
𝑁𝑔
𝑖=1  
HXY1 = - ∑ ∑ 𝑝(𝑖, 𝑗)log {𝑝𝑥(𝑖)𝑝𝑦(𝑗)}
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1        ,   Info. Corr. 1  = 
𝐻𝑋𝑌−𝐻𝑋𝑌1
max {ℎ𝑥,ℎ𝑦}
 
HXY2 = - ∑ ∑ 𝑝𝑥(𝑖)𝑝𝑦(𝑗)log {𝑝𝑥
𝑁𝑔
𝑗=1
𝑁𝑔
𝑖=1 (𝑖)𝑝𝑦(𝑗)} 
 
Information  correlation 2 
                                  √1 −  𝑒[−2.0(𝐻𝑋𝑌2−𝐻𝑋𝑌)]
2
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Table A 4: GLSZM, GLRLM and NGTDM features 
 
 
 
GLRLM features                            Mathematical formula 
Short run emphasis (SRE)                          
1
𝑛
∑ ∑
𝑅(𝑖,𝑗)
𝑗2
𝑁𝑔
𝐽=1
𝑀
𝑖=1   
Long run emphasis  (LRE)                          
1
𝑛
∑ ∑ 𝑅(𝑖, 𝑗)𝑗2𝑁𝑔𝐽=1
𝑀
𝑖=1  
Low gray level run emphasis (LGRE) 
                             
1
𝑛
∑ ∑
𝑅(𝑖,𝑗)
𝑖2
𝑁𝑔
𝐽=1
𝑀
𝑖=1   
Short run low gray level emphasis (SRLGE) 
 
1
𝑛
∑ ∑
𝑅(𝑖,𝑗)
𝑖2𝑗2
𝑁𝑔
𝐽=1
𝑀
𝑖=1  
Long run low gray level emphasis (LRLGE) 
 
1
𝑛
∑ ∑
𝑅(𝑖,𝑗)𝑗2
𝑖2
𝑁𝑔
𝐽=1
𝑀
𝑖=1  
Long run high gray level emphasis (LRHGE)  
1
𝑛
∑ ∑ 𝑅(𝑖, 𝑗)𝑖2𝑗2𝑁𝑔𝐽=1
𝑀
𝑖=1  
Run percentage (RPC)                                   
𝑛
𝑛𝑝
 
 GLSZM features 
Small-area emphasis (SAE) 
                            
1
𝛺
∑ ∑
𝑧(𝑖,𝑗)
𝑗2
𝑛
𝑗=1
𝑚
𝑖=1  
Large-area emphasis (LAE)                                   
1
𝛺
∑ ∑ 𝑗2𝑛𝑗=1
𝑚
𝑖=1 , z(i, j)   
Low-intensity emphasis (LIE) 
                                  
1
𝛺
∑ ∑
𝑧(𝑖,𝑗)
𝑖2
𝑛
𝑗=1
𝑚
𝑖=1      
Low-intensity small-area emphasis (LISAE) 
                                  
1
𝛺
∑ ∑
𝑧(𝑖,𝑗)
𝑖2,𝑗2
𝑛
𝑗=1
𝑚
𝑖=1  
Low-intensity large-area emphasis (LILAE) 
 
1
𝛺
∑ ∑
𝑗2 ,   𝑧(𝑖,𝑗)
𝑖2
𝑛
𝑗=1
𝑚
𝑖=1      
High-intensity small-area emphasis (HISAE)  
1
𝛺
∑ ∑ 𝑖2, 𝑗2𝑛𝑗=1
𝑚
𝑖=1 , 𝑧(𝑖, 𝑗)     
High-intensity large-area emphasis (HILAE) 
 
1
𝛺
∑ [∑ 𝑧(𝑖, 𝑗)𝑛𝑗=1 ]
2𝑚
𝑖=1      
Intensity variability (IV) 
 
1
𝛺
∑ ∑
𝑖2 ,   𝑧(𝑖,𝑗)
𝑗2
𝑛
𝑗=1
𝑚
𝑖=1      
Zone Percentage (ZP) 𝛺
∑ ∑ 𝑗2𝑛𝑗=1
𝑚
𝑖=1 , z(i, j)
 
Size zone variability (SZV) 
 
1
𝛺
∑ [∑
𝑧(𝑖,𝑗)
𝑖2
]2𝑛𝑗=1
𝑚
𝑖=1  
NGTDM feature 
 
        Busyness 
∑ {𝑁ℎ𝑖=0 𝑝𝑖 𝑠𝑖}
[∑ {∑ { |𝑖𝑝𝑖
𝑁ℎ
𝑗=0 − 𝑗𝑝𝑗
𝑁ℎ
𝑖=0 |}]
, 𝑝𝑖 ≠ 0, 𝑝𝑗  ≠  0  
GLRLM: R(i, j) is the (i, j)th entry in the given run-length matrix and Ng is the number of discrete gray levels in the image. 
M is the longest run and n is the total number of runs.  
GLSZM: In size zone matrix z (i, j) rows i indicate grey levels and columns indicating zone sizes. Ng is the number of grey 
levels and the largest zone size is indicated by m. Ω is the total number of unique connected zones. 
NGTDM:  Pi is the probability of occurrence of voxel of intensity i and M (i) is the NGTDM value of intensity i. Nh is the 
highest gray level value present in the ROI. 
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